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Abstract

Existing machine translation and multimodal
translation benchmarks mainly focus on text-
only inputs or short examples with tightly
aligned image-text pairs. Academic lectures
present a different challenge: spoken explana-
tions, presentation slides, and domain-specific
terminology interact across long-form dis-
course. LECTRANS is constructed from 383
hours of expert-taught online lectures and pro-
vides transcripts, presentation slides, and an
eight-language parallel evaluation subset cov-
ering English and seven target languages. The
162-minute translation subset spans 17 subjects
and contains human-corrected English tran-
scripts, verified slide text, and human-verified
translations of both transcripts and slides. We
define lecture translation as two complemen-
tary tasks: transcript translation for spoken
lecture content and slide translation for vi-
sually presented text. We report text-only
and multimodal baselines, showing that noisy
transcripts, loosely aligned slide context, and
domain-specific content remain challenging for
current systems. LECTRANS provides a testbed
for evaluating multimodal translation in long-
form academic lectures.

1 Introduction

Advances in multimodal language modeling have
made machine-translated content more accessible
across languages in today’s globalized world (Vo
et al., 2025). Existing multimodal benchmarks, in-
cluding multimodal machine translation (MMT),
primarily focus on tightly aligned image-text pairs,
where images provide contextual grounding for
short source texts (Elliott et al., 2016). How-
ever, these settings provide limited insight into
model performance in long-form scenarios where
speech and visual materials convey related but non-
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(ASR transcript)
...now next we're thinking
about convenience form...

(4) Convenience Form

* Convenience= improve access and visibility as
needed

| Japanese Translation |

no slide: .. JKIFIEMED H BIEIC OV TEZTVET ..
with slide: .JKIZ. I YVY =TV A7 4+ — A (EEIKME) 12O T..

Figure 1: Motivation for LECTRANS. The term con-
venience form is mistranslated when treated as general
language. Slide context helps recover its intended mean-
ing. Bold text denotes domain-specific terminology,
while red text denotes the mistranslations.

identical information, such as lecture presentations
accompanied by slides (Feng et al., 2025).

Academic lecture translation presents unique
challenges for multimodal evaluation. Lectures
convey domain knowledge through spoken expla-
nations supported by slides that may summarize,
supplement, or diverge from the speech (Lee et al.,
2023). For example, Figure 1 illustrates how slide
context helps recover the domain-specific mean-
ing of “convenience form”, which is mistrans-
lated without this slide context. Furthermore, lec-
ture transcripts are often generated using auto-
matic speech recognition (ASR) systems, introduc-
ing recognition errors and disfluencies from the
original speech (Wang et al., 2024), while time-
stamping and alignment errors can produce mis-
matched segments (Teramen et al., 2024). Existing
lecture datasets (Chen et al., 2024; Wang et al.,
2025a) also predominantly focus on tasks such as
video understanding, ASR, text-to-speech (TTS),
slide generation, or video segmentation rather than
translation. Because the visual and spoken chan-
nels are related but not strictly parallel, a translation
system must distinguish useful contextual informa-
tion from visual content unrelated to the current
utterance (Yuasa et al., 2023).
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To investigate this setting, we introduce LEC-
TRANS, a benchmark and scalable data creation
pipeline tailored for multimodal lecture translation.
The benchmark integrates curated online lecture
videos, slide materials (i.e., images and extracted
text), ASR outputs, human-corrected English tran-
scripts, and human-verified translations in seven
target languages. We formulate lecture translation
as two complementary tasks: transcript transla-
tion, which targets the lecturer’s speech, and slide
translation, which targets text extracted from pre-
sentation slides. This dual-task design enables the
independent evaluation of speech-derived and visu-
ally presented content while supporting the analysis
of how slide context influences transcript transla-
tion. Our contributions are as follows:
 We introduce LECTRANS', a multimodal bench-

mark for academic lecture translation con-

structed from 383 hours of lecture videos and an
eight-language parallel evaluation subset cover-
ing transcripts and slide text.”

* We define a dual-task evaluation setting consist-
ing of transcript translation and slide translation,
enabling separate analysis of spoken and visu-
ally presented lecture content.

* We describe a staged data construction pipeline
that combines automatic processing with tar-
geted human verification, covering ASR, ASR
alignment, slide extraction & deduplication,
OCR, slide-and-transcript alignment, and trans-
lation review.

* We benchmark open and proprietary multimodal
models under text-only, slide-text, and slide-
image settings, analyzing the effects of transcript
quality, slide context, target language, and lec-
ture subject on translation performance.

2 Related Work

Educational Video and Lecture Understanding.
Several datasets have been introduced for model-
ing academic and educational videos. LPMD (Lee
et al., 2023) provides lecture videos with presenta-
tion slides and supports tasks such as cross-modal
retrieval and multimodal educational video under-
standing. M3AV (Chen et al., 2024) provides audio-
visual academic lectures for tasks including ASR,
TTS, and slide generation. MITFLD (Wang et al.,

1https ://github.com/naist-nlp/lectrans
’The dataset contains derived annotations, translations, and
metadata, but does not redistribute any video content.

2025a) focuses on identifying key points and seg-
menting lecture videos. These datasets capture in-
teractions between speech, slides, and visual struc-
ture in educational videos, but primarily focus on
lecture understanding, generation, or segmenta-
tion rather than machine translation. Wang et al.
(2024) introduce a multimodal scientific ASR task
in which visual information from slides is used
to improve the recognition of technical terminol-
ogy, which is closely related to our setting, but it
addresses transcription rather than translation.

Multimodal Machine Translation (MMT) is
predominantly studied in settings where images
provide contextual grounding for short source
texts. Early shared tasks on multimodal translation
and cross-lingual image description paired images
with sentence-level captions, establishing image-
guided translation on Multi30K (Elliott et al., 2016)
as a standard evaluation setting (Specia et al.,
2016). Subsequent work has studied visual at-
tention, image-text grounding, and alternative vi-
sual inputs, including synthetic images, to examine
when visual information helps translation (Yuasa
et al., 2023). Surveys of MMT similarly describe
that the field is centered on short inputs with rela-
tively close image-and-text alignment (Shen et al.,
2024; Feng et al., 2025). Academic lectures pose
a different problem. The source text is typically
obtained from ASR and may contain recognition
errors, segmentation mismatches, and spoken dis-
fluencies. Furthermore, slide content is not strictly
aligned with individual utterances: slides may sum-
marize earlier content, introduce later content, or
omit details explained in speech. This setting dif-
fers from conventional sentence-level MMT with
tightly aligned image-text pairs.

Speech Translation and Simultaneous Lecture
Translation. Speech translation has been studied
through cascaded ASR-MT systems and end-to-end
models (Sperber and Paulik, 2020), with resources
such as MuST-C providing multilingual transla-
tion data from TED talks (Di Gangi et al., 2019).
Early lecture translation systems addressed sponta-
neous speech and domain mismatch (Fiigen et al.,
2006). Subsequent simultaneous lecture translation
systems addressed segmentation and latency, while
also using slides or lecture notes for domain adapta-
tion (Miiller et al., 2016). More recent work has de-
veloped training resources and evaluation methods
for simultaneous translation. Simul-MuST-C (Mak-
inae et al., 2024) uses LLMs to generate chunk-
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Dataset Name # Hours # Courses Task

LPMD

Information

(Lee et al., 2023) 187 10 Retrieval
3
M°AV 367 55 .ASR, TTS,.
(Chen et al., 2024) Slide Generation
MITFLD Video
(Wang et al., 2025a) 359 25 Fragmentation
LECTRANS 383 17 Multimodal MT

(ours, 2026) (visual-audio-text)

Table 1: Comparison of existing dataset which makes
use of academic data. “"M>AV data source is conference
venues rather than online courses.

wise translations that more closely follow source
word order, while Simul-COMET (Doi et al., 2026)
adapts quality evaluation to account for this or-
dering. LECTRANS complements these efforts by
examining how transcript quality and slide context
affect offline academic lecture translation.

Lecture Translation and Slide-Grounded Trans-
lation. Recent work has further explored slide-
grounded and multimodal translation in lecture set-
tings. Teramen et al. (2024) investigate English-to-
Japanese lecture transcript translation using slide
information as visual context, showing that slide-
grounded inputs can be useful in controlled lecture
translation settings. GlobalizeED (Vo et al., 2025)
proposes an end-to-end lecture translation pipeline
that combines ASR, machine translation, and
target-language speech synthesis. BOOM (Koneru
et al., 2026) similarly targets multilingual lecture
access by translating lecture audio and slides into
synchronized outputs. While these studies demon-
strate a growing interest in multimodal lecture
translation, they primarily formulate the problem
either as an end-to-end system pipeline or a single
translation setting. Table 1 summarizes the differ-
ences between existing resources and LECTRANS.

3 LECTRANS Benchmark

LECTRANS is a multilingual benchmark for mul-
timodal lecture translation that integrates lecture
transcripts, presentation slides, and human-verified
translations across seven target languages. The
benchmark defines separate transcript translation
and slide translation tasks for spoken and visually
presented lecture content, respectively. We trans-
late the English sources into seven diverse target
languages, for further details see Appendix A.

3.1 Source Lectures

LECTRANS combines English lecture videos
and slide images obtained from two sources:
the Lecture Presentations Multimodal Dataset
(LPMD) (Lee et al., 2023) and MIT OpenCourse-
Ware (OCW) (Massachusetts Institute of Technol-
ogy, 2001). The lectures span specialized domains
and include presentation slides alongside spoken
lecture content.

LPMD. We use the updated version released on
October 17, 2023. This dataset includes lectures
from multiple fields, including anatomy, biology,
dentistry, machine learning, psychology, and speak-
ing. The dataset provides links to YouTube chan-
nels and playlists. After preprocessing, a total of
334 lecture videos were collected. These videos are
organized into 11 groups according to their source
links: anatomy and psychology are each divided
into two groups (anat-1, anat-2, psy-1, and psy-2),
biology is divided into four groups (bio-1, bio-2,
bio-3, and bio-4), while dentistry (dental), machine
learning (ml-1), and speaking (speaking) consist of
one group each.

MIT-OCW. We collect six undergraduate-
level courses from MIT OpenCourseWare to
complement the domains not represented in
LPMD: Intermediate Microeconomic Theory (i-
microecons) (Townsend, 2020), Introduction to CS
and Programming using Python (i-cs-prog) (Bell,
2022), Introduction to Neural Computation
(i-neural-comp) (Fee and Zysman, 2018), Physics
in the 20th Century (i-physics) (Kaiser, 2020),
Theory of Computation (theory-comp) (Sipser,
2020), and Urban Energy Systems and Policy
(urban-policy) (Hsu, 2022). We include three
more courses for the trainset: Introduction to
Computational Thinking and Data Science (Grim-
son et al., 2016), Introduction to Modeling and
Simulation (Buehler and Grossman, 2012), and
Introduction to Psychology (Gabrieli, 2011). After
preprocessing, a total of 185 lecture videos were
collected.

3.2 Task Definition

Transcript Translation. Given an English lec-
ture transcript segment, the system generates a
faithful translation in the target language while pre-
serving domain terminology, named entities, and
pedagogical structure. We evaluate three input set-
tings: (1) No additional context, where the model
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|| Speech Recognition (ASR) Transcript
whisper-large-v3 (EN)
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(a) Transcript Translation task

J— Slide Deduplication
% 1. ImageHash (cl:up—resislant)
Sequence of | 2- CLIP(<.97) - SigLIP2(<.99)

Slides (EN)

Slide Extraction
pyscenedetect

Visual

OCR

MinerU +

Human Correction

=

(text accuracy & coverage) ZN . ZN

BB + Text GPT-4.1-mini Filtered

(EN) Slides (EN)
Pre-Translation A J—
('T‘extioi;tg Human Correction =
6PT-5.2 Mini (faithfulness-focused) ZON

Gold w22 fhnt Slides Gold Slides

(EN) (JA, ID, TH, ..)

(b) Slide Translation task

(JA, ID, TH, ..)

Figure 2: Translation dataset construction pipelines

receives only the transcript text; (2) Slide text con-
text, where the model additionally receives text
extracted from the slides displayed during the tran-
script segment; and (3) Slide image context, where
the model receives the corresponding slide images
as visual grounding.

Slide Translation. This task evaluates translation
of visually presented instructional content at the
text-region level. Each slide is processed into a
set of text bounding boxes, and each text region is
translated independently. We evaluate two settings:
(1) No additional context, where translation is per-
formed using only the extracted slide text; and (2)
Slide image context, where the original slide image
is additionally provided as visual grounding for
ambiguous or incomplete text regions.

3.3 Dataset Construction Pipeline

3.3.1 Transcript Processing

Figure 2a shows the transcript processing pipeline.
We obtain the audio using yt-dlp?, and then tran-
scribe each lecture using Whisper (Radford et al.,
2022) large-v3 model. The resulting ASR segments
retain timestamps from the original video, but these
segments do not necessarily correspond one-to-
one with the human-corrected transcript segments.
Directly comparing timestamp-level ASR outputs
with corrected references therefore introduces seg-
mentation mismatches in addition to recognition
erTors.

To reduce discrepancies with the human-
corrected transcript, we align the raw ASR text
to the corrected transcript using edit distance. This
alignment preserves the original ASR words while
mapping them to the corrected transcript segmenta-
tion, allowing us to compare raw recognition out-

3https://github.com/yt-dIp/yt-dlp

puts, aligned ASR, and corrected transcripts under
a consistent segment structure. Additional details
are provided in Appendix G.

3.3.2 Slide Processing

Figure 2b illustrates the slide processing pipeline.
Lecture videos often contain long intervals with rel-
atively static slide content, allowing representative
slide frames to be extracted through scene detec-
tion and deduplication. The resulting slides serve
as the primary input for slide translation and as vi-
sual context for transcript translation. Appendix E
reports slide extraction statistics.

Slide Extraction. Slide images and text were
obtained from lecture videos by automatically
segmenting each video into scenes using the
PySceneDetect library*. We use the preprocess-
ing procedure of LPMD, saving the first, midpoint,
and final frames of each detected scene.

Slide Deduplication. As LPMD preprocessing
configuration applies finer-grained scene segmen-
tation than PySceneDetect, the number of detected
scenes exceeded the true number of lecture slides,
particularly in segments containing non-slide lec-
ture content. To remove redundant frames, we
first applied a crop-resistant hash from Image-
Hash®, followed by embedding-based similarity
filtering using CLIP (Radford et al., 2021) and
SigLIP2 (Tschannen et al., 2025).

Information Extraction. MinerU (He et al.,
2024) was used to detect bounding boxes and clas-
sify slide elements into five classes: text, equations,
tables, images, and others. For textual elements,
the text within each bounding box was extracted
and corrected by GPT-4.1 mini.

*https://www.scenedetect.com
>https://github.com/JohannesBuchner/imagehash
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0:18:14 0:19:31
0:19:09 0:19:25 0:19:35 0:19:46 0:19
And later in the class, ... Well, of course, there’s ... In fact, you know
Now this is drawn with ... So as you move northeast, ... Note

Figure 3: Illustration of Slides & Transcript alignment
operation using sliding windows algorithm. Dedupli-
cated slides and transcript segments are placed on par-
allel timelines, and transcript segments are linked to
the slide intervals that overlap with their timestamps.
This alignment provides slide text or slide images as
contextual input for transcript translation as described
in Section 3.3.3.

3.3.3 Slide & Transcript Alignment

After constructing the deduplicated slide sequence
and extracting slide text, we align transcript seg-
ments with the slides displayed during the corre-
sponding time intervals as shown in Figure 3. Each
transcript segment retains its start and end times-
tamps from the ASR output, while each slide is
assigned a display interval from the video time-
line. We associate each transcript segment with the
slide or slides whose display intervals overlap with
the segment timestamp. This alignment is used
to construct the multimodal input settings for tran-
script translation defined in Section 3.2: the slide
text context setting uses OCR text from the aligned
slides, while the slide image context setting uses
the corresponding slide images.

3.3.4 Translation Pre-annotation

Before human verification, we generated draft
translations using GPT-5 mini for transcript trans-
lation and GPT-5.2 mini for slide translation. To
support evaluation across diverse language families,
we include seven target languages.

3.4 Test Set: Human Annotation

3.4.1 Transcript Annotation

English Transcript Correction. Three videos
from each subject were selected arbitrarily after fil-
tering out videos with extremely high or low word
counts. The ASR outputs were then reviewed and
annotated by professional translators to correct tran-
scription errors. Each transcription error was an-

notated with an error category (addition, omission,
misspelling, or filler), and a severity level (OK,
MINOR, or CRITICAL). Technical terminology
was labeled as TERM. Figure 8 shows an exam-
ple annotation with additional details provided in
Appendix I.

Transcript Translation Correction. One video
was selected from each subject, and from each se-
lected video, a segment of approximately 10 min-
utes was extracted for machine translation. Pro-
fessional translators who are native speakers of
each language reviewed the machine-translated
transcript translations to ensure faithfulness and
accuracy.

3.4.2 Slide Annotation

English Slide Correction. Slide data were man-
ually reviewed and corrected using Label Stu-
dio Community Edition (Tkachenko et al., 2020-
2025). Automatically extracted slide images were
reviewed by 18 annotators to remove any remain-
ing duplicate slides and non-slide images such as
blank screens or lecturer-only frames. The same
annotators also verified and corrected text extracted
from slide images by fixing OCR errors and adding
missing text regions.

Slide Translation Correction. Finally, seven
graduate students who are native speakers of the
respective target languages reviewed and corrected
the machine-generated slide translations.

3.5 Dataset Statistics and Splits

Table 2 summarizes the dataset statistics. The full
automatically processed collection contains 23,039
minutes of English lecture video. From this col-
lection, we construct an ASR/OCR evaluation set
of 51 videos, with three videos selected from each
of the 17 subject groups. For the translation eval-
uation subset, we further select one representative
segment from each subject group, resulting in 17
translated segments. This subset contains 162 min-
utes of lecture content with parallel annotations in
English and seven target languages.

The dataset is organized into three annotation
levels. The full collection provides automatically
processed lecture content at scale. The ASR/OCR
evaluation set includes human-corrected English
transcripts and verified slide text. The translation
evaluation subset provides human-verified multilin-
gual references for transcript and slide translation.
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# All (Automated)

Testset - ASR & OCR

Testset - Translation

Courses 20 17 17
Videos 519 51 (3% 17 courses) 17 segments (1 ea.)
Minutes 23,039 2,510 162 (of 820)
Languages EN EN EN,JA,ID,TH,ZH,ES,FR,DE
Words (EN) approx. 3.7M 445,596 27,315
Unique Slides approx. 15K 3,022 164

Table 2: Statistical overview of LECTRANS benchmark of academic lecture translation.

4 Experimental Setup

4.1 Vision-Language Models

We evaluate ten Vision-Language Models (VLM)
for multilingual text-visual generation to compare
performance on lecture translation tasks across mul-
timodal architectures. Open-weight models pro-
vide reproducible baselines, while proprietary mod-
els serve as strong references.

The open-source models we evaluated in-
clude Llama 4 Scout (Meta, 2025), Llama
3.2 11B (Grattafiori et al., 2024), Gemma 3
12B (Team et al., 2025), Qwen3.5 9B (Qwen Team,
2026), Aya Vision 8B (Dang et al., 2024), In-
ternVL3.5 8B (Wang et al., 2025b), and GLM-4.6V
Flash (Team et al., 2026). The proprietary models
we evaluated include GPT-4.1, GPT-5 mini, and 04-
mini. Appendix B contains the full list of evaluated
models.

4.2 Evaluation Metrics

We evaluate translation quality using both
reference-based and  reference-free  met-
rics. Reference-based evaluation includes
ChrF (Popovié, 2015), SacreBLEU (Post, 2018),
COMET (Rei et al., 2022a), and NIST (Dodding-
ton, 2002). NIST is included to better capture
technical terminology and domain-specific expres-
sions in lecture content. Note that NIST is included
as a complementary lexical metric, and it is not a
direct measure of terminology translation accuracy
or consistency. For SacreBLEU evaluation on non-
Latin scripts, language-specific tokenizers were
used: PyThaiNLP (Phatthiyaphaibun et al., 2023)
for Thai, MeCab for Japanese, and the provided zh
tokenizer for Chinese. For reference-free quality
estimation, we employ COMET-KIWTI (Rei et al.,
2022b).

5 Results

5.1 Transcript Translation Results

Table 3 reports macro-averaged results for tran-
script translation. We compare translation perfor-
mance using aligned ASR and human-corrected
transcripts under three context settings (Section
3.2): no additional context, aligned slide text, and
aligned slide images. The aligned ASR condition
evaluates translation from speech-derived inputs
after edit-distance-based alignment, whereas the
corrected transcript condition removes recognition
errors from the source text. Corrected transcripts
consistently yield higher ChrF, BLEU, and NIST
scores than the former, with the exception of GPT-
4.1 with slide images context for which NIST de-
creases from 6.3 to 5.8. This gap indicates that ASR
errors remain a major source of degradation in
lecture translation, even after segment-level align-
ment.

Among the evaluated models, GPT-5 mini
achieves the strongest overall performance, ob-
taining the highest ChrF, BLEU, and NIST scores
across all three context settings for both aligned
ASR and corrected transcript inputs. Among open-
weight models, Llama 4 Scout, Gemma 3 12B,
and Qwen3.5 9B are the most competitive, with
the strongest results depending on the input condi-
tion and metric. Llama 4 Scout leads on ChrF and
BLEU for aligned ASR without additional context,
Gemma 3 12B leads on BLEU with slide text, and
Qwen3.5 9B leads on ChrF and BLEU with slide
images.

Adding slide images produces mixed effects
across models. GPT-5 mini remains relatively sta-
ble, while some models, particularly Llama 3.2
11B, degrade substantially when visual inputs are
added, suggesting that current multimodal systems
do not always use slide context effectively during
translation.
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Aligned ASR

Corrected Transcript

Model ChrF BLEU COMET KIWI NIST | CirF BLEU COMET KIWI NIST
no additional context
Llama 4 Scout 56.8 37.9 83.9 76.1 6.0 | 63.1 44.5 87.3 81.4 6.6
Llama 3.2 11B 494 29.0 81.5 74.1 5.3 55.9 359 84.7 79.2 5.9
Gemma 3 12B 53.8 344 84.8 77.1 5.8 62.9 45.8 88.2 81.9 6.9
Qwen3.5 9B 55.7 36.5 85.1 77.4 6.0 | 60.7 41.5 88.1 82.2 6.4
Aya Vision 8B 51.8 34.1 80.9 72.9 5.5 57.0 394 84.2 78.1 6.0
InternVL 3.5 8B 49.9 30.6 79.9 73.0 5.1 55.4 36.1 83.6 78.5 5.6
GLM-4.6V Flash  52.6 334 81.7 73.8 5.6 | 582 39.3 85.4 79.4 6.1
GPT-4.1 55.8 36.5 86.5 78.2 6.0 | 669 49.7 89.0 82.5 7.1
GPT-5 mini 62.4 45.7 87.4 78.2 68 | 713 57.7 90.4 82.5 7.9
04-mini 59.2 41.3 87.2 78.2 6.4 | 66.6 50.6 90.1 82.6 7.4
with slide text
Llama 4 Scout 56.7 37.5 83.9 76.1 59 | 62.7 43.7 87.1 81.2 6.4
Llama 3.2 11B 49.1 28.7 81.1 73.6 52 | 548 34.9 84.3 78.6 5.8
Gemma 3 12B 56.7 38.3 84.9 77.0 6.2 | 63.0 46.1 88.0 81.7 6.9
Qwen3.5 9B 55.8 36.4 85.3 77.6 6.0 | 60.3 40.7 87.9 82.0 6.3
Aya Vision 8B 51.1 33.1 80.6 72.7 5.3 56.2 38.5 83.8 77.7 5.8
InternVL 3.5 8B 50.2 30.9 80.2 73.1 52 | 56.1 37.6 83.8 78.5 5.9
GLM-4.6V Flash 524 33.0 82.0 74.0 5.5 58.0 38.9 85.4 79.1 6.0
GPT-4.1 52.7 32.3 86.0 77.9 55| 66.0 48.7 89.0 82.4 7.0
GPT-5 mini 60.4 43.2 87.2 78.3 6.6 | 69.8 55.5 90.2 82.4 7.7
04-mini 56.4 38.6 84.8 76.6 59 | 65.7 49.5 89.8 82.5 73
with slide image

Llama 4 Scout 57.1 38.4 83.8 76.0 6.1 62.7 442 87.1 81.0 6.6
Llama 3.2 11B 39.9 19.5 74.8 67.6 3.6 | 46.6 26.3 79.8 73.8 4.5
Gemma 3 12B 55.3 36.3 84.9 77.0 6.0 | 63.5 46.8 88.1 81.7 6.9
Qwen3.5 9B 58.0 40.0 85.1 77.2 6.3 63.1 45.2 88.0 81.9 6.7
Aya Vision §B 50.9 334 80.5 72.6 54 | 56.1 39.0 83.7 71.7 5.9
InternVL 3.5 8B 50.3 314 80.3 73.4 5.3 55.6 37.0 83.8 78.5 5.8
GLM-4.6V Flash  51.3 30.8 79.0 72.9 52 | 557 35.2 82.8 78.1 5.5
GPT-4.1 57.6 39.0 86.8 78.3 6.3 58.4 39.8 83.5 76.5 5.8
GPT-5 mini 62.2 45.3 87.5 78.3 6.8 | 70.1 55.8 90.2 82.5 7.8
04-mini 58.6 40.4 87.1 783 6.3 | 65.0 48.5 89.5 823 7.1

Table 3: Overall model performance on LECTRANS Transcript Translation task, reported as macro-averaged metrics.
COMET scores are scaled by 100. Bold indicates highest, while underlined indicates second highest.

Model no-context with slide image
ChrF  BLEU COMET KIWI NIST ChrF BLEU COMET KIWI NIST
Llama3.211B  58.4 22.5 72.1 73.6 3.0 354 9.5 69.8 66.8 1.3
Gemma 3 12B 70.5 49.7 81.9 76.8 57 711 422 86.1 76.7 4.9
GPT-4.1 74.6 63.7 92.7 79.7 7.1 752 64.8 92.8 79.6 71
GPT-5 mini 75.7 64.7 92.9 80.0 71 763 65.8 93.0 80.0 7.2
04-mini 74.8 63.8 92.7 79.8 71 751 64.5 92.8 80.0 7.1

Table 4: Overall model performance on LECTRANS Slide Translation task, reported as averaged metrics. COMET
scores are scaled by 100. Bold indicates highest, while underlined indicates second highest.

5.2 Slide Translation Results

Table 4 reports results on the slide translation task.
We compare text-only translation of extracted slide
text with image-grounded translation, where mod-
els additionally receive the original slide image.
GPT-5 mini achieves the strongest overall perfor-
mance across both settings, followed closely by
GPT-4.1 and o4-mini. For these proprietary mod-
els, adding slide images yields small but generally
consistent improvements across reference-based
metrics.

Open-weight models show less stable behav-
ior. Some models benefit from image grounding
on selected metrics, such as Gemma 3 12B with
COMET score increases 4.2 points, while others
degrade substantially when full-slide visual con-
text is added, particularly Llama 3.2 11B with
BLEU falling from 22.5 in the text-only setting
to 9.5 when slide image context is added. These
results suggest that slide images can provide useful
grounding, but may also distract models from the
local text-region translation objective, especially in
slides containing dense academic content.

1878



anat-1

urban-polic

with slide text
~——— with slide image

i-neural-comp—

(a) BLEU

anat-1

—— no additional context
with slide text
with slide image

i-physii\/

(b) NIST

anat-1

no additional context
with slide text
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Figure 4: Max scores per subject across models grouped by configuration of transcript translation task.

Overall, the results indicate that strong text-only
translation is difficult to improve through simple
slide-context concatenation or full-slide image in-
puts. This motivates the more detailed analysis
in the following section, where we examine varia-
tion across context settings, lecture subjects, and
reasoning token usage.

6 Analysis and Discussion

We focus on several key findings here and defer
additional analysis to Appendix D.

Effects of Slide Context. The experimental re-
sults suggest that current multimodal models do
not reliably use slide context in translation settings
with loose cross-modal alignment. In transcript
translation, aligned slide text provides only lim-
ited benefits, while slide images produce highly
model-dependent behavior, including degradation
for some models such as Llama 3.2 11B.

One possible explanation is that models fail to
distinguish the primary translation target from the
supplementary visual context. In transcript trans-
lation, slides are intended to ground the spoken
segment rather than serve as additional text to trans-
late. Because lecture slides may summarize previ-
ous material, introduce later content, or omit orally
explained details, multimodal models may overfit
to visible slide content and shift away from the
transcript itself.

A related pattern appears in slide translation.
Proprietary models generally benefit from full-slide
visual context, whereas open-weight models show
less stable behavior. Although slide images can pro-
vide useful layout and neighboring text cues, they
may also distract models from local text-region
translation. These results suggest that a more struc-
tured use of slide layout, bounding boxes, and ele-
ment types may be more effective than simple text

or image context prompting.

Performance by Lecture Subject. Figure 4
shows clear variation across lecture subjects. The
i-microecons subject generally presents difficul-
ties for transcript translation and has the highest
aligned ASR word error rate, at 36.7% (Table 10).
By contrast, psy-1 achieves comparatively strong
translation results and has an aligned word error
rate of 9.1%. For example, GPT-5 mini without
additional context obtains BLEU scores of 55.5 on
psy-1,41.1 onml-1, and 33.2 on i-microecons.
The results indicate that source transcript quality
can strongly affect downstream translation perfor-
mance, even after edit-distance-based alignment.
Furthermore, based on our ASR error analysis
in Appendix G, these results are consistent with
source transcript quality contributing to subject-
level variation.

Subject-level variation is not solely explained by
ASR quality. Lecture domains differ in terminology
density, mathematical notation, slide design, and
the extent to which spoken explanations depend on
visual content. Technical lectures with dense slide
content or specialized notation can be challenging
for both transcript and slide translation. This sug-
gests that academic lecture translation should be
evaluated across diverse lecture subjects rather than
relying only on aggregate scores. Additional analy-
sis by target language is provided in Appendix D,
and complete subject-level results are reported in
Appendix N.

Thinking token size and translation quality.
Recent work suggests that reasoning in MMT
is most effective when applied selectively, as in
DeDIT, which invokes visual reasoning only for
ambiguous inputs (Liu et al., 2025). This is partic-
ularly relevant for lecture translation, where slide
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. no additional  with slide  with slide
Metric :
context text image
ChrF -.6188 .0315 -.6247
BLEU -.5898 -.0060 -.6551
NIST -.5345 .0460 -.5140
COMET -.8051 .0925 -.5790
KIWI -.7038 1407 -.4812

Table 5: Pearson correlations between reasoning-token
counts and translation-quality metrics for GPT-5 mini
across the three transcript translation context settings.

context may either distract or ground the transcript.
We therefore examine whether longer reasoning
traces correspond to better translation quality.

Using GPT-5 mini, Table 5 reports Pearson cor-
relations between reasoning-token counts and eval-
uation scores across the three transcript translation
settings, while Figure 10 in Appendix K visualizes
the relationship between reasoning-token usage and
BLEU scores across subjects and configurations. In
both the no-context setting and slide-image settings,
reasoning-token counts show negative correlations
with translation quality across metrics. By contrast,
correlations in the slide-text setting are near-zero
for ChrF, BLEU, and NIST metrics.

These results do not suggest that longer reason-
ing improves translation quality in this setting. In-
stead, longer reasoning traces may reflect uncer-
tainty, difficult source segments, or unstable use of
visual context. The difference between slide-text
and slide-image settings also suggests that reason-
ing behavior depends on the form of multimodal
input. Additional reasoning tokens should there-
fore not be assumed to improve translation quality
in lecture translation.

7 Conclusion

We introduced LECTRANS, a benchmark for mul-
timodal academic lecture translation constructed
from more than 383 hours of English lecture videos.
The dataset includes transcripts, slide images, ex-
tracted slide text, and an eight-language parallel
evaluation subset. We formulate lecture transla-
tion as two tasks: transcript translation for spoken
lecture content and slide translation for visually
presented text.

Our experiments show that transcript quality
strongly affects downstream performance. Human-
corrected transcripts consistently improve ChrF
and BLEU relative to aligned ASR inputs, in-
dicating that ASR errors remain a major bottle-

neck for lecture translation. In both tasks, GPT-5
mini achieved the strongest overall performance on
reference-based metrics, while several open-weight
multimodal models remain competitive in selected
settings.

The results further show that slide context is
not uniformly beneficial. Although slide text and
slide images can provide useful grounding, loosely
aligned visual content may also distract models
from the primary translation target. These findings
suggest that effective lecture translation requires
more than merely adding slide text or full-slide
images as auxiliary context. Future work should
explore more structured cross-modal integration,
including slide layout, bounding boxes, temporal
alignment, and terminology-aware evaluation.

Limitations

LECTRANS evaluates segment-level translation
rather than complete end-to-end translation from
raw lecture audio or video. Although the bench-
mark includes ASR outputs, slide images, OCR
text, and aligned multimodal context, our experi-
ments do not evaluate a full pipeline that starts from
raw audiovisual input and produces final translated
lecture content.

The current multimodal settings use simple slide
text or slide image as context. They do not fully
exploit slide structure, bounding-box categories,
mathematical notation, diagrams, or temporal rela-
tions across multiple slides available in LECTRANS.
More structured representations may be needed to
determine when slide content supports transcript
translation and when it acts as noise in cross-modal
representations.

The human-verified translation subset is smaller
than the full automatically processed corpus. The
full collection contains more than 383 hours of lec-
ture video, while the human-verified translation
references are available only for selected segments
in the 162-minute evaluation subset. This design
allows careful verification across seven target lan-
guages, but it limits the scale of reference-based
evaluation.

Finally, the evaluation relies mainly on auto-
matic MT metrics. These metrics are useful for
comparing systems, but they may not fully capture
terminology consistency, pedagogical faithfulness,
or whether a translation correctly uses evidence
from the aligned slide context. Future evaluations
should include more targeted measures for domain
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terminology, cross-modal grounding, and learner-
facing adequacy.

Ethical Considerations

LECTRANS is built from publicly available educa-
tional lecture resources. We do not redistribute
the original videos or audio recordings, the re-
lease contains only derived materials, including
metadata, aligned transcripts, extracted slide infor-
mation, annotations, translations, and evaluation
scripts. Users are responsible for complying with
the licenses and terms of use of the original lecture
providers, especially when accessing or processing
source videos. We followed the relevant institu-
tional guidelines for data collection, annotation,
and benchmark construction.

Human correction and verification were per-
formed by legally hired annotators and professional
translators depending on the task. For Transcription
Pipeline, we hired professional annotators: one na-
tive English speaker for ASR correction and seven
native speakers of the respective languages for tran-
script translation. For Slide Pipeline, we hired
graduate-student annotators: 18 students with En-
glish proficiency of CEFR B2 or higher for OCR
correction and seven students who are native speak-
ers of the languages studied for slide text transla-
tion. Annotators were compensated according to
the relevant institutional and contractual arrange-
ments, at hourly rates of approximately USD 35
for professional annotators and USD 9 for student
annotators, paid in local currency. A total of more
than 700 hours of annotation work has been con-
ducted for this study. We have released our dataset
and code, with the dataset format as described in
Appendix H.

The benchmark may still contain errors from
ASR, OCR, machine translation, or human correc-
tion, which can affect technical terminology and
misrepresent academic content if used without re-
view. We therefore frame LECTRANS as an evalu-
ation benchmark rather than a deployable lecture
translation service.

For transparency, we report the computational
cost here. We use around 500 GPU-hours for
Llama 4 Scout on NVIDIA RTX Pro 6000 GPU.
We use about another 500 GPU-hours for other
open-weight models including the inference and
evaluations on NVIDIA Ampere and Ada GPUs.
We also use approximately USD 450 in OpenAl
credits for proprietary model experiments, and data

pre-annotations.

Al assistants were used for language editing with
a privacy-preserving tool, following the Publication
Ethics Committee policy.
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Model ID
meta-llama/Llama-4-Scout-17B-16E-Instruct

Model Name

Llama 4 Scout

Llama 3.2 11B meta-llama/Llama-3.2-11B-Vision-Instruct
Gemma 3 12B google/gemma-3-12b-it
Qwen3.5 9B Qwen/Qwen3.5-9B

Aya Vision 8B
InternVL 3.5 8B
GLM-4.6V Flash

CohereLabs/aya-vision-8b
OpenGVLab/InternVL3_5-8B-HF
zai-org/GLM-4.6V-Flash

GPT-4.1 gpt-4.1-2025-04-14
GPT-5 mini gpt-5-mini-2025-08-07
04 mini 04-mini-2025-04-16

Table 6: Actual Model ID used in this study
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A Languages Studied

We translate the English sources into seven target
languages selected to cover diverse linguistic back-
grounds. To illustrate language relatedness among
the eight languages involved, we present their fam-
ily trees as shown in Figure 5.

B Model List

We employ OpenAlI’s batch API for the three GPT
models used throughout our experiments. The re-
maining models are all open-sourced models, and
we utilize HuggingFace library. The actual model
identifiers used in this study are listed in Table 6.
We use only the default parameter settings.

C Prompt for Translation Task

We show the prompt used throughout our experi-
ments as follows.

H

Indo-European

— Germanic
L> West-Germanic

Ingvaeonic — Anglo-Saxon — English (EN)

Erminonic — German (DE)

— Italic
L> Romance

Gallo-Romance — French (FR)

Ibero-Romance — Castilian — Spanish (ES)

Malayo-Polynesian

L> Malay (macrolanguage) — Indonesian (ID)

Southwestern Tai — Thai (TH)
Japanese (JA)

Chinese (ZH) — Standard Chinese (CMN)

Figure 5: Family trees of eight languages included in
LECTRANS. Bold represents the actual language used.

Transcript Transl. No Additional Context

You are a translation system for lecture video
transcripts. Translate the spoken transcript into the
specified target language.

Translate the following from English to
{target_language}. Please return only the
translation.

English:
"{transcript_en}"

{target_language}:

€ J
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Transcript Transl. With Slide Text

You are a translation system for lecture video
transcripts. Translate the spoken transcript into the
specified target language.

In addition to the transcript, you are given auxiliary
textual context extracted from the corresponding
presentation slides.

This context is provided to supplement seman-
tic understanding and disambiguate technical terms,
but it is not part of the content to be translated.

The context is as follows:
{slides_text}

Translate the following from English to
{target_language}. Please return only the
translation.

English:
"{transcript_en}"

{target_language}:

Transcript Transl. With Slide Image

You are a translation system for lecture video
transcripts. Translate the spoken transcript into the
specified target language.

In addition to the transcript, you are given
auxiliary image context from the corresponding
presentation slides.

This context is provided to supplement seman-
tic understanding and disambiguate technical terms,

but it is not part of the content to be translated.

{slides_image}

Translate the following from English to
{target_language}. Please return only the
translation.

English:
"{transcript_en}"

{target_language}:

Slide Translation (both config)

You are a translation system for academic lecture
slides. Translate only the text contained in each
bounding box into the specified target language.
You will be given the slide image from which the
bounding boxes were extracted, when available.

The input will always be a structured JSON
object. Each key is a bounding-box ID (a string in
double-quotes). Each value is the text to translate,
enclosed in triple double-quotes (""").

Your task:
Translate only the text inside the triple-quoted strings
into the specified target language.

Rules:

1. Keep the JSON structure exactly the same.

2. Keep all keys (bounding-box IDs) exactly as
given.

3. Replace only the text inside each triple-quoted
value with its translation.

4. Do not output any commentary, explanations, or
extra text. Return only the translated JSON object.

{
"target_language": "{lang_tgt}",
"bounding_boxes": { {input_src} }

}

D Analysis and Discussion (Continued)

Performance by Target Language. Figure 6
shows that transcript translation performance dif-
fers substantially across target languages. The
highest scores are generally obtained for Spanish,
French, German, and Indonesian, while Japanese
and Thai tend to receive lower lexical scores. Chi-
nese shows a more metric-dependent pattern: it
obtains competitive BLEU and NIST scores in sev-
eral settings, but lower ChrF than languages written
in Latin script. This suggests that language-level
comparisons should be interpreted with care, es-
pecially when metrics differ in their sensitivity to
script, tokenization, and character-level overlap.

These differences likely reflect several factors
rather than a single cause. Target languages differ
in word order, morphology, segmentation behavior,
and script. In addition, multilingual and multi-
modal models may have uneven coverage across
languages in their pre-training and instruction-
tuning data. The results therefore show that lecture
translation remains uneven across target languages,
even when the same source content and model con-
figuration are used. For the complete result see
Appendix L.
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—— no additional context
with slide text
—— with slide image

(a) BLEU

—— no additional context
with slide text
—— with slide image

(b) NIST

—— no additional context
with slide text
—— with slide image

(c) COMET

Figure 6: Max scores per language across models grouped by configuration of transcript translation task.
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Figure 7: Correlation among the five metrics used in
translation task.

COMET-based metrics show different trends.
Figure 7 shows that the evaluation metrics cap-
ture different aspects of translation quality. ChrF,
BLEU, and NIST correlate strongly with one an-
other, reflecting their shared reliance on surface-
form and n-gram overlap. COMET and COMET-
KIWTI also correlate strongly with each other with
r = 0.917, but their correlation with lexical met-
rics is weaker. The metrics correlations for Tran-
script Task and Slide Task is as shown by Figure 7a
and Figure 7b, respectively. This divergence af-
fects model ranking. For transcript translation,
GPT-5 mini performs best on all metrics except
COMET-KIWI, while Gemma 3 12B and Qwen
3.5 9B obtain notably high COMET and COMET-
KIWI scores. This suggests that neural metrics may
reward semantic adequacy differently from lexical
metrics. Conversely, lexical metrics may be more
sensitive to exact wording and less frequent n-gram
matches, which are relevant in technical lecture
content but do not directly measure terminology ac-
curacy. A complete evaluation of academic lecture
translation therefore requires both standard MT
metrics and more targeted analyses of terminology,
grounding, and pedagogical faithfulness.

Subject Video Retrieved # after De- Avg. Secs.

Length  Slide#  duplicated per Slide
anat-1 0:44:37 909 50 53.5
anat-2 0:27:12 537 16 102.0
bio-1 0:50:53 270 47 65.0
bio-2 0:08:44 75 9 58.2
bio-3 0:43:52 240 57 46.2
bio-4 0:30:34 603 38 48.3
dental 0:22:37 222 19 71.4
i-microecons  0:59:06 597 71 46.1
i-cs-prog 0:47:47 1725 75 38.2
i-neural-comp 1:18:55 1152 117 40.5
i-physics 1:20:21 756 50 96.4
ml-1 1:09:35 2103 114 36.6
psy-1 0:51:37 324 20 154.9
psy-2 0:36:25 372 18 121.4
speaking 0:56:50 1467 84 40.6
theory-comp 1:17:35 3255 101 46.1
urban-policy  0:33:45 1191 60 33.8

Table 7: Slide extraction statistics.

E Slide Extraction Statistics

Please refer to Table 7.

F Performance using Raw ASR as
Translation Input

Please refer to Table 8 and Table 9.

G Alignment of ASR to Human
Annotation

Table 10 summarizes the discrepancy between the
raw ASR outputs and the ASR outputs that is
aligned to human-corrected transcripts. Table 11 re-
ports sequence lengths, minimum edit distance, and
the number of possible string alignment operations
attaining the minimum edit distance. Given the
astronomical amount of path count, we considered
two edit-distance libraries to help us determine the
path, namely, python-Levenshtein and Edlib. The
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Raw ASR

Model ChiF BLEU COMET KIWI NIST
no additional context
Llama 4 Scout 48.6 30.5 72.8 61.8 4.9
Llama 3.2 11B 433 24.4 71.7 61.3 4.5
Gemma 3 12B 46.5 28.5 74.7 64.0 4.9
GPT-4.1 47.5 29.5 76.4 65.4 5.0
GPT-5 mini 53.2 37.8 76.8 65.3 5.7
od-mini 505  33.8 764 650 5.4
with slide text
Llama 4 Scout 48.2 29.8 73.3 63.0 4.8
Llama 3.2 11B 42.3 23.2 71.7 61.6 4.3
Gemma3 [2B 486  31.6 745 637 52
GPT-4.1 45.8 27.0 77.5 67.1 4.8
GPT-5 mini 514 352 770 659 5.5
04-mini 48.1 31.7 75.5 64.7 5.0
with slide image
Llama 4 Scout 49.0 31.1 73.1 62.2 5.0
Llama 3.2 11B 33.9 14.5 66.2 57.7 2.8
Gemma 3 12B 47.7 30.0 75.0 64.2 5.0
GPT-4.1 48.9 31.7 76.6 65.6 53
GPT-5 mini 53.1 37.2 77.6 66.1 5.7
o4-mini 503 334 7671 655 5.4

Table 8: Overall model performance on LECTRANS
Transcript Translation task using raw ASR output as the
input, reported as macro-averaged metrics. COMET are
scaled by 100. Bold indicates highest, while underlined
indicates second highest.

Raw ASR Aligned
ChrF  BLEU | ChhrF  BLEU | ChrF

no additional context
Llama 4 Scout  48.6 30.5 | 56.8 379 | 63.1 44.5
Llama3.211B 433 244 | 494 29.0 | 559 359
Gemma 3 12B  46.5 28.5 | 53.8 344 | 629 45.8

Corrected

Model BLEU

GPT-4.1 475 295 | 55.8 36.5 | 66.9 49.7
GPT-5 mini 53.2 37.8 | 62.4 457 | 713 57.7
04-mini 50.5 33.8 | 59.2 413 | 66.6 50.6

with slide text
Llama 4 Scout  48.2 29.8 | 56.7 375 | 62.7 43.7
Llama 3.2 11B  42.3 23.2 | 49.1 28.7 | 54.8 349
Gemma 3 12B 48.6 31.6 | 56.7 383 | 63.0 46.1

GPT-4.1 45.8 27.0 | 527 323 | 66.0 48.7
GPT-5 mini 514 352 | 604 432 | 69.8 55.5
04-mini 48.1 317 | 56.4 38.6 | 65.7 49.5

with slide image
Llama 4 Scout  49.0 31.1 | 57.1 384 | 627 44.2
Llama3.211B 339 145 | 399 19.5 | 46.6 26.3
Gemma 3 12B  47.7 30.0 | 553 363 | 63.5 46.8

GPT-4.1 48.9 31.7 | 57.6 39.0 | 584 39.8
GPT-5 mini 53.1 372 | 62.2 453 | 70.1 55.8
04-mini 50.3 334 | 58.6 404 | 65.0 48.5

Table 9: Comparison of various transcriptions as inputs.
Bold indicates highest, while underlined indicates sec-
ond highest.

importance of applying the string alignment is re-
flected from the error rate as shown in Table 12.
Terminology-wise ASR correctness is as reflected
in Table 13

H Actual Dataset Format

This section details the format of our dataset. We
do not provide audio or video material itself but
rather example code on how to source the media.

. WER| (%)
Subject Raw ASR  Aligned Document
anat-1 39.0 16.5 16.5
anat-2 34.0 24.4 244
bio-1 26.7 55 5.5
bio-2 21.9 55 55
bio-3 36.0 21.7 21.5
bio-4 28.6 15.7 15.4
dental 20.9 14.9 14.9
i-microecons 43.7 36.7 36.4
i-cs-prog 28.6 6.9 6.9
i-neural-comp 24.9 15.1 15.1
i-physics 28.2 10.1 10.1
ml-1 26.9 17.4 17.4
psy-1 352 9.1 9.1
psy-2 26.3 12.0 12.0
speaking 24.1 20.8 20.8
theory-comp 36.6 14.6 14.6
urban-policy 25.2 13.0 13.0

Table 10: Percentage of WER (Word Error Rate) of
the ASR outputs against human-corrected transcripts
for each lecture subject in LECTRANS. Raw ASR in-
dicates the original timestamp-level Whisper outputs.
Aligned indicates the raw ASR text after edit-distance-
based string alignment to the human-corrected transcript
segmentation, without any correction to the recognition
errors. Document indicates the score after concatenat-
ing the raw ASR transcript in chronological order. For
full error rate including CER (Character Error Rate) and
library comparisons, the complete results are reported
in the Appendix G on Table 12.

Subject ASR Annot.  Min. # of Path w/

Length Length Dist. Min. Dist.
anat-1 9,013 8,401 1,125 7.96 x 10%®
anat-2 5,869 4,670 1,258 1.85 x 10°°
bio-1 9,961 9,702 359 1.24 x 107
bio-2 9,165 8,989 346 4.15 x 10%
bio-3 6,622 6,281 950 1.66 x 1056
bio-4 6,368 6,061 708 3.34 x 10*?
dental 8,332 7,509 875 6.55 x 1038
i-microecons 7,616 5,681 2,085 1.75 x 10193
i-cs-prog 8,072 7,655 441 3.02 x 10%°
i-neural-comp 7,914 7290 873 8.12 x 10"
i-physics 9,909 9,440 731 1.45 x 10%°
ml-1 7,062 7,214 513 6.39 x 10*?
psy-1 8,805 8812 392 1.72 x 10%°
psy-2 8,442 7,994 585 7.75 x 10%?
speaking 8356 7,766 829 9.16 x 10%
theory-comp 6,347 5946 578 3.12 x 10*
urban-policy 8,473 7,931 681 3.76 x 103!

Table 11: String alignment statistics using edit distance
algorithm between ASR output and human-corrected
transcripts (denoted as Annot.).

* Lecture video: raw lecture video data, we
provided an example code to source.

e Lecture audio: audio extracted from the lec-
ture videos.
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Raw ASR Aligned python-Levenshtein Aligned Edlib

Subject Segment Document Segment Document Segment Document
CER WER CER WER CER WER CER WER CER WER CER WER
anat-1 0354 0390 0.125 0.165 0.126 0.165 0.125 0.165 0.126 0.165 0.125 0.165
anat-2 0.313 0340 0214 0.244 0.216 0244 0.215 0.244 0216 0.244 0214 0.244
bio-1 0270 0.267 0.036 0.055 0.036 0.055 0.036 0.055 0.036 0.055 0.036 0.055
bio-2 0212 0.219 0.038 0.055 0.038 0.055 0.038 0.055 0.032 0.049 0.031 0.055
bio-3 0296 0360 0.143 0.215 0.144 0217 0.143 0217 0.144 0.217 0.143 0.217
bio-4 0260 0.286 0.111 0.154 0.112 0.157 0.111 0.154 0.112 0.157 0.111 0.154
dental 0.165 0.209 0.105 0.149 0.106 0.149 0.105 0.149 0.106 0.149 0.105 0.149
i-microecons  0.346 0.437 0274 0364 0275 0367 0273 0367 0275 0366 0.273 0.366
i-cs-prog 0294 0.286 0.055 0.069 0.055 0.0609 0.055 0.0609 0.055 0.069 0.055 0.069
i-neural-comp 0.212 0.249 0.110 0.151 0.111 0.151 0.110 0.151 0.111 0.151 0.110 0.151
i-physics 0270 0.282 0.074 0.101 0.074 0.101 0.074 0.101 0.074 0.100 0.074 0.100
ml-1 0.180 0.269 0.071 0.174 0.071 0.174 0.071 0.174 0.071 0.174 0.071 0.174
psy-1 0.313 0352 0.045 0.091 0.045 0.091 0.045 0.091 0.045 0.091 0.045 0.091
psy-2 0223 0.263 0.069 0.120 0.070 0.120 0.069 0.120 0.070 0.120 0.069 0.120
speaking 0.137 0.241 0.099 0.208 0.099 0208 0.099 0.208 0.099 0.208 0.099 0.208
theory-comp  0.310 0.366 0.091 0.146 0.092 0.146 0.091 0.146 0.092 0.146 0.091 0.146
urban-policy ~ 0.206 0.252 0.080 0.130 0.081 0.130 0.080 0.130 0.081 0.130 0.080 0.130

Table 12: CER (Character Error Rate) and WER (Word Error Rate) of the ASR outputs against corrected transcrip-
tions for each lecture subject in LECTRANS. Raw ASR indicates the original ASR outputs, while Aligned indicates
the ASR text that is aligned to the corrected transcription using edit distance algorithm library: python-Levenshtein
and Edlib. Both segment-wise error rate, where texts are segmented based on the timestamp, and document-wise
error rate, which concatenated the whole text in a chronological order, are assessed.

Subject #Uniq. #Occur. #Corr. Accuracy
anat-1 37 125 68 54.4%
anat-2 25 50 31 62.0%
bio-1 29 91 65 71.4%
bio-2 28 105 82 78.1%
bio-3 16 30 22 73.3%
bio-4 5 9 7 77.8%
dental 76 161 136 84.5%
i-microecons 19 39 21 53.8%
1-cs-prog 7 9 5 55.6%
i-neural-comp 7 21 12 57.1%
i-physics 9 17 6 35.3%
ml-1 8 12 5 41.7%
psy-1 12 53 38 71.7%
psy-2 15 29 21 72.4%
speaking 9 18 14 77.8%
theory-comp 13 30 22 73.3%
urban-policy 10 15 9 60.0%
Total 325 814 564 69.3%

Table 13: Terminology recognition accuracy of the ASR
model on the Testset - Translation subset. The macro-
averaged Accuracy is 64.7%.

» Segmented lecture video: lecture videos seg-
mented into scenes using PySceneDetect.

* Lecture slides: slide images extracted simul-
taneously with the segmented lecture videos.

* Raw ASR transcript: automatically generated
transcripts obtained from the lecture audio.

Aligned ASR transcript: raw ASR transcripts

re-segmented to match the corrected transcript
structure using edit-distance alignment.

* Corrected transcript: manually corrected ver-
sions of the ASR transcripts.

* Bounding boxes information: JSON files con-
taining bounding box information in slide im-
ages.

I Annotated Dataset Samples

Figure 8 shows a sample of ASR correction per-
formed by human.

J Slide Annotation Tool Platform

We use Label Studio Community Edition through-
out the slide annotation process. Figure 9 shows a
screenshot of this process.

K Reasoning Token and Performance
Correlations

See Figures 10, 11, 12, 13, 14, and 15.

L Detailed Transcript Translation
Performance By Target Language

The translation performances on all models
grouped by target language directions on ChrF met-
rics can be found on Table 14, for BLEU on Ta-
ble 15, COMET on Table 16, quality estimation of
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Gross Anatomy (cont.)

« Structure of typical long bone

— All long bones have a shaft (diaphysis), bone
ends (epiphyses), and membranes
+ Diaphysis: tubular shaft that forms long axis of bone
— Consists of compact bone surrounding central
medullary cavity that is filled with yellow marrow in
adults
» Epiphyses: ends of long bones that consist of
compact bone externally and spongy bone internally
— Articular cartilage covers articular (joint) surfaces
» Between diaphysis and epiphysis is epiphyseal line
— Remnant of childhood epiphyseal plate where bone
growth occurs

©2016 Pearson Education, Inc.

tongbene [OMITTED (OK)] All long bones, they have a shaft. The shaft is called a diathesis
diaphysis [MISSPELL (CRIT)] [TERM]. Okay, giathesis diaphysis [MISSPELL (CRIT)] [TERM].

Figure 8: Correction of ASR output from whisper-large-v3, we outsourced the annotation to a third party
professional annotator. We give relevant slides for the faithfulness of the annotation.

I TLabel Studio =  Projects / Annot. #08 (NAIST) / Labeling { InstructionsJ ‘Senings‘ Light Beta e
i 08. NAIST #430 A MinerU #137083
(L Img [I'l'lo LA [l] + 989 7 months ago * * 7 months ago
i Info History > ¢
W text t |equation y table u | image i Iother o > X
Regions Relati
Duplicated!! non-Slidests! no Text/Figures! g elations

.......... =Manual (®ByTimez] ®

+ ~

SInUS Retentlon Cyst = . Sinus Retention Cyst
o o * ~
* Also called antral pseudocyst ’ - Also called antral pseudocyst
* Caused by blockage of glands in sinus mucosa o o | ockege of glands n sz mucoss
* Tx: none ¥ .
= N . N

Figure 9: Sample screenshot showing annotation process of OCR correction on Label Studio Community Edition.
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Transcript ChrF (EN — x)

Transl. JA ZH TH ID ES FR DE
no additional context
Llama 4 Scout 355 339 533 675 722 697 65.2
Llama 3.2 11B 272 273 418 6l1.1 659 639 58.3
Gemma 3 12B 348 334 530 658 672 630 59.7
Qwen3.5 9B 365 33.6 552 678 692 663 61.6
Aya Vision 8B 348 338 274 667 697 682 62.0

InternVL 3.5 8B 246 379 362 615 664 649 57.8
GLM-4.6V Flash 32,7 382 420 602 693 66.3 59.5

GPT-4.1 40.8 365 540 653 673 651 61.6
GPT-5 mini 478 463 620 707 722 703 67.6
04-mini 44.1 419 585 688 703  66.7 64.2
with slide text
Llama 4 Scout 354 333 535 678 717 70.2 65.1
Llama 3.2 11B 262 266 421 60.6 664 642 57.7
Gemma 3 12B 372 352 548 686 709 674 62.5
Qwen3.5 9B 367 338 551 678 693 665 61.8
Aya Vision 8B 34.1 346 238 668 69.6 675 61.1

InternVL 3.5 8B 260 377 364 611 666 653 58.5
GLM-4.6V Flash ~ 33.0 389 417 61.1 692 663 56.7

GPT-4.1 387 340 508 620 638 615 58.3
GPT-5 mini 456 436 60.0 69.7 70.6 677 65.6
04-mini 40.6 378 547 658 68.6 64.6 63.0
with slide image
Llama 4 Scout 360 346 535 680 721 70.0 65.3
Llama 3.2 11B 11.6 127 28.1 54.1 624 585 52.0
Gemma 3 12B 355 346 532 678 692 652 61.4
Qwen3.5 9B 375 378 565 69.6 717 689 64.4
Aya Vision 8B 34.1 345 226 666 693 679 61.5

InternVL 3.5 8B 277 377 342 628 671 648 57.6
GLM-4.6V Flash ~ 31.0 374 417 592 675 629 59.3

GPT-4.1 423 381 552 672 696 673  63.6
GPT-5 mini 478 463 617 710 719 698  67.0
o4-mini 435 414 576 683 700 652  64.1

Table 14: Average ChrF score per language in Transla-
tion of Aligned ASR Transcripts.

COMET-KIWTI on Table 17, and for assessing ter-
minology co-occurrence using NIST on Table 18.

M Detailed Slide Translation
Performance By Target Language

Please refer to Table 19

N Detailed Transcript Translation
Performance By Subject

Translation performances on all models grouped by
seventeen lecture subjects of LECTRANS against
ChrF metrics can be found on Table 20, BLEU
on Table 21, COMET on Table 22, quality esti-
mation of COMET-KIWI on Table 23, and for as-
sessing terminology co-occurrence using NIST on
Table 24.

O Detailed Slide Translation
Performance By Subject

Please refer to Table 25 and Table 26.
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Figure 10: Relationship between Reasoning Tokens and BLEU Score by Subject and Config Separated using GPT-5

mini in transcript translation.
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Figure 11: Reasoning Tokens vs average ChrF Score by
subject on GPT-5 mini in transcript translation.
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Figure 12: Reasoning Tokens vs average BLEU Score
by subject on GPT-5 mini in transcript translation.
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Figure 13: Reasoning Tokens vs average NIST Score
by subject on GPT-5 mini in transcript translation.
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Figure 14: Reasoning Tokens vs average COMET Score
by subject on GPT-5 mini in transcript translation.
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Figure 15: Reasoning Tokens vs average COMET-KIWI
Score by subject on GPT-5 mini in transcript translation.
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Transcript BLEU (EN — %) Transcript KIWI (EN — x)
Transl. JA ZH TH ID ES FR DE Transl. JA ZH TH D ES FR DE
no additional context no additional context
Llama 4 Scout 27.8 38.1 248 40.0 505 462 37.7 Llama 4 Scout 799 747 741 757 758 770 75.5
Llama 3.2 11B 193 307 138 308 412 38.1 29.4 Llama 3.2 11B 77.1 73.1 700 743 749  76.1 73.1
Gemma 3 12B 273 385 237 384 443 38.0 30.4 Gemma 3 12B 799 757 757 7714 712 781 75.5
Qwen3.5 9B 29.6 387 263 40.0 46.1 423 323 Qwen3.5 9B 80.6 768 757 715 769 783 75.9
Aya Vision 8B 27.8  39.1 45 398 473 456 34.8 Aya Vision 8B 79.1 748 548 751 757  76.8 74.1
InternVL 3.5 8B 17.3 439 1.5 317 417 390 28.9 InternVL 3.5 8B 756 742 664 726 747 752 72.1
GLM-4.6V Flash  25.1 442 13.7 311 46.8 420 31.2 GLM-4.6V Flash 785 747 690 71.7 750 752 72.8
GPT-4.1 337 414 26.1 374 43,6 403 32.7 GPT-4.1 812 766 762 786 785 792 76.8
GPT-5 mini 417 511 367 463 523 49.2 42.5 GPT-5 mini 81.1 767 162 780 788 79.5 77.1
o4-mini 37.1 466 32.1 435 493 427 37.5 o4-mini 813 768 763 783 786 794 76.9
with slide text with slide text
Llama 4 Scout 274 368 247 400 493 470 373 Llama 4 Scout 79.6 746 741 759 760 77.0 75.7
Llama 3.2 11B 177 297 139 308 42.0 388 28.1 Llama 3.2 11B 757 724 695 741 748 759 72.8
Gemma 3 12B 29.7  40.6 264 427 497 444 349 Gemma 3 12B 798 756 753 77.1 76.8 782 75.8
Qwen3.5 9B 29.7 38,6 263 399 456 426 32.3 Qwen3.5 9B 80.7 769 758 717 771 78.8 76.2
Aya Vision 8B 25.6  40.1 30 393 467 4338 334 Aya Vision 8B 79.1 747  53.0 754 757 770 74.4
InternVL 3.5 8B 185 429 124 313 419 398 29.5 InternVL 3.5 8B 759 744 657 729 747 753 72.7
GLM-4.6V Flash  25.6  45.1 144 309 46.0 410 28.2 GLM-4.6V Flash 788 747 693 719 751 75.7 72.8
GPT-4.1 309 377 229 329 380 354 28.2 GPT-4.1 81.0 763 757 782 7183 79.0 76.5
GPT-5 mini 396 486 340 449 500 45.1 39.9 GPT-5 mini 814 769 761 783 787 79.5 77.0
o4-mini 332 418 279 415 483 407 37.0 o4-mini 797 750 743 765 770 78.0 75.4
with slide image with slide image

Llama 4 Scout 287 399 249 411  50.1  46.6 37.8 Llama 4 Scout 79.8  75.1 738 753 756 76.8 75.6
Llama 3.2 11B 3.8 13.2 44 238 374 316 22.3 Llama 3.2 11B 65.1 60.5 614 707 73.1 73.0 69.7
Gemma 3 12B 27.6 397 239 413 475 413 32.8 Gemma 3 12B 796 757 752 715 771 78.3 75.9
Qwen3.5 9B 309 437 283 438 500 464 37.1 Qwen3.5 9B 80.5 766 754 768 767 184 75.9
Aya Vision 8B 262 399 26 395 467 452 33.8 Aya Vision 8B 792 744 528 749 758 770 74.1
InternVL 3.5 8B 20.1 43.5 11.6 335 440 392 28.3 InternVL 3.5 8B 763 749 655 735 751 75.8 72.5
GLM-4.6V Flash 229 419 15.1 279  42.1 37.2 28.2 GLM-4.6V Flash 775 744 679 715 746 726 72.0
GPT-4.1 353 435 271 404 469 436 35.8 GPT-4.1 812 768 763 786 785 795 77.0
GPT-5 mini 417 511 363 468 51.6 482 41.6 GPT-5 mini 813 768 763 784 787 79.6 71.0
o4-mini 36.6 460 313 428 487 407 37.0 04-mini 813 768 763 783 78.6 79.5 76.9

Table 15: Average BLEU score per language in Transla-

tion of Aligned ASR Transcripts.

Table 17: Average COMET-KIWI score per language

in Translation of Aligned ASR Transcripts.

Transcript COMET (EN — %) Transcript NIST (EN — x)
Transl. JA ZH TH ID ES FR DE Transl. JA ZH TH D ES FR DE
no additional context no additional context
Llama 4 Scout 86.8 828 865 863 823 80.9 81.7 Llama 4 Scout 5.1 6.1 5.1 62 70 65 6.0
Llama 3.2 11B 834 81.0 828 8.7 809 79.0 78.5 Llama 3.2 11B 43 5.7 37 55 63 6.0 53
Gemma 3 12B 87.1 838 87.8 875 833 81.7 82.0 Gemma 3 12B 5.1 6.4 5.1 62 65 6.1 55
Qwen3.5 9B 877 847 880 877 832 823 82.3 Qwen3.5 9B 53 6.4 53 62 66 64 5.6
Aya Vision 8B 859 823 695 8.8 8.0 805 80.0 Aya Vision 8B 5.1 6.5 1.8 62 67 6.6 5.8
InternVL 3.5 8B 81.7 8.5 760 835 807 784 76.9 InternVL 3.5 8B 33 6.9 29 54 6.1 59 52
GLM-4.6V Flash 854 832 820 825 816 786 78.5 GLM-4.6V Flash 4.7 6.9 33 55 68 64 54
GPT-4.1 889 857 890 8.9 8.2 839 84.2 GPT-4.1 5.7 6.7 52 62 65 62 5.7
GPT-5 mini 89.7 867 89.7 89.6 864 84.8 85.3 GPT-5 mini 6.4 7.5 63 68 73 170 6.6
o4-mini 89.6 866 895 89.6 8.0 845 84.8 04-mini 59 71 58 65 70 64 6.0
with slide text with slide text
Llama 4 Scout 86.7 826 863 8.4 824 8l.1 82.1 Llama 4 Scout 49 59 50 62 68 6.6 59
Llama 3.2 11B 828 80.7 823 845 807 788 77.9 Llama 3.2 11B 39 5.5 39 55 63 6.1 52
Gemma 3 12B 874 84.0 875 877 836 821 82.3 Gemma 3 12B 53 66 53 65 70 66 59
Qwen3.5 9B 879 850 880 879 833 82.4 82.5 Qwen3.5 9B 53 6.4 53 62 66 64 57
Aya Vision 8B 86.1 825 673 858 819 804 79.9 Aya Vision 8B 4.7 6.5 12 62 67 64 5.7
InternVL 3.5 8B 81.8 830 759 836 806 787 717.6 InternVL 3.5 8B 3.6 6.7 3.1 53 6.1 6.1 53
GLM-4.6V Flash 855 839 823  83.1 81.7  79.0 78.5 GLM-4.6V Flash 4.8 69 35 54 68 62 4.8
GPT-4.1 886 855 885 884 84.6 83.1 83.5 GPT-4.1 5.4 6.2 48 56 59 57 5.1
GPT-5 mini 895 865 893 895 860 843 84.9 GPT-5 mini 6.3 7.3 60 67 71 6.7 6.3
o4-mini 874 838 866 872 84.1 82.3 82.6 04-mini 54 63 50 6.1 6.6 6.0 5.7
with slide image with slide image

Llama 4 Scout 86.8 832  86.1 86.1 822  80.5 81.8 Llama 4 Scout 5.2 6.4 5.1 63 7.0 6.6 6.0
Llama 3.2 11B 69.1 684 749 821 790 752 75.0 Llama 3.2 11B 1.0 2.5 1.5 46 59 54 45
Gemma 3 12B 872 842 875 879 837 820 82.1 Gemma 3 12B 5.1 6.5 49 64 68 63 5.7
Qwen3.5 9B 87.6 852 877 87.6 83.1 82.3 82.2 Qwen3.5 9B 54 6.9 55 65 69 67 6.0
Aya Vision 8B 86.0 825 665 8.0 820 80.8 79.9 Aya Vision 8B 4.8 6.6 1.1 63 67 67 5.7
InternVL 3.5 8B 82.1 835 746 842 812 790 717.6 InternVL 3.5 8B 4.0 6.9 29 57 65 60 5.1
GLM-4.6V Flash 842 807 719 826 80.7 765 76.3 GLM-4.6V Flash 4.3 6.4 3.7 50 62 58 49
GPT-4.1 889  86.1 89.1 89.2 856 843 84.4 GPT-4.1 59 6.9 54 65 69 6.6 6.0
GPT-5 mini 898 869 898 89.7 862 849 85.3 GPT-5 mini 6.4 7.5 62 69 72 69 6.5
04-mini 895 863 894 895 8.0 842 84.7 04-mini 59 70 57 65 69 62 6.0

Table 16: Average COMET score per language in Trans-

lation of Aligned ASR Transcripts.

Table 18: Average NIST score per language in Transla-

tion of Aligned ASR Transcripts.
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Slide Translation (EN — x)

Model no-context with slide image
JA ZH TH 1D ES FR DE JA ZH TH ID ES FR DE
ChrF
Llama3211B 340 391 50.1 690 77.0 731 66.7 89 133 215 37.1  61.0 541 52.0
Gemma 3 12B 493 510 685 822 838 805 783 | 489 504 689 825 853 822 79.3
GPT-4.1 539 573 725 837 870 850 830 | 560 559 732 852 877 849 83.6
GPT-5 mini 565 597 740 848 872 842 831 | 577 603 742 851 874 854 83.8
04-mini 552 579 737 833 8.5 837 830 | 552 585 737 845 867 84. 83.2
BLEU
Llama 3.2 11B 147 275 158 250 35.1 25.0 14.7 2.1 53 2.4 6.7 222 136 13.9
Gemma 3 12B 430 555 458 578 529 467 463 | 30.1 405 339 484 515 461 44.8
GPT-4.1 486 631 528 703 751 694 668 | 51.1 621 53.6 721 764 694 68.7
GPT-5 mini 512 658 541 708 752 683 67.1 | 527 663 542 718 760 704 69.2
o4-mini 499 641 521 70.1 747 677 682 | 498 651 530 719 748 686 68.5
COMET
Llama3211B 704 646 694 789 744 739 732 | 652 652 639 724 767 704 74.6
Gemma 3 12B 829 858 8.6 8.5 775 780 796 | 8.7 855 845 830 873 871 86.4
GPT-4.1 89.7 925 91.8 941 938 937 936 | 896 91.8 922 948 939 936 93.5
GPT-5 mini 902 93.0 920 945 935 934 935 | 89.8 929 923 947 938 93.6 93.7
o4-mini 900 928 920 938 933 935 935 | 90.0 927 918 946 936 935 93.4
COMET-KIWI
Llama3211B  69.8  7I.1 689 755 774 772 752 | 615 626 579 679 737 719 72.1
Gemma 3 12B 727 716 746 777 785 787 774 | 731 765 743 769 792 789 78.2
GPT-4.1 753 802 782 787 822 8.2 809 | 751 784 781 802 823 822 80.7
GPT-5 mini 754 805 787 803 824 8.1 81.0 | 752 804 785 802 825 822 81.0
o4-mini 754 8.3 783 791 824 83 811 | 754 804 78.1 80.5 825 821 81.1
NIST
Llama 3.2 11B 2.6 3.6 2.7 3.1 4.0 3.0 1.9 0.4 0.9 0.5 1.0 2.7 1.8 1.8
Gemma 3 12B 6.1 6.6 5.7 6.0 5.5 5.2 5.0 4.6 5.0 4.4 5.2 5.4 5.1 5.0
GPT-4.1 6.8 7.3 6.3 13 7.6 7.3 6.9 6.9 7.3 6.4 7.3 7.7 7.3 7.1
GPT-5 mini 7.0 7.4 6.4 7.3 7.6 7.2 7.0 7.1 7.5 6.4 7.3 1.7 73 7.1
o4-mini 6.9 13 6.3 7.3 7.6 72 7.1 6.9 74 6.3 73 7.6 7.2 7.1

Table 19: Average scores per language using various metrics in LECTRANS slide translation task.

Transcript

ChrF score per subject

Transl. anat-l anat2  bio-l bio2 bio-3 bio-d dental oS i-micro imneural Fomll opsy-l psy-2 speaking D00y  urban
prog  econs -comp  physics -comp  -policy
no additional context
Llama 4 Scout 51.8 50.7 60.2 59.4 58.5 60.2 53.1  62.6 454 60.7 59.7 564 59.1 55.8 573 55.1 58.8
Llama 3.2 11B 46.4 429 50.5 52.1 52.7 53.5 452 540 39.9 522 51.8 50.2 522 49.7 46.4 48.8 50.5
Gemma 3 12B 49.6 48.5 56.2 55.7 59.0 58.1 50.2  58.1 44.1 57.6 56.6 52.6 57.3 52.1 52.0 519 55.7
Qwen3.5 9B 52.6 48.9 59.3 58.8 60.1 59.1 53.0 60.2 46.8 60.3 585 542 58.6 539 51.2 543 574
Aya Vision 8B 46.5 45.1 535 55.1 529 55.8 469 58.1 42.0 535 53.8 533 54.6 52.5 519 512 53.8
InternVL 3.5 8B 46.0 44.5 550 529 52.8 554 453 569 413 51.9 504  48.1 52.8 455 47.0 51.8 50.7
GLM-4.6V Flash 49.1 46.4 55.6 54.5 54.9 57.8 469 58.5 439 53.6 549 531 55.7 539 50.7 50.3 54.1
GPT-4.1 53.7 494 57.7 57.5 61.4 59.9 535 617 45.6 60.3 58.1 547 59.9 52.7 49.4 55.1 58.1
GPT-5 mini 59.3 554 62.3 66.6 66.2 64.7 62.6 70.1 51.1 66.3 659 595 70.1 61.7 53.7 61.1 64.8
04-mini 56.3 538 610 634 640 614 586 674 48.9 63.6 617 533 662 573 48.4 58.9 62.2
with slide text
Llama 4 Scout 52.1 51.3 57.1 58.9 59.2 59.8 540 622 46.1 61.1 58.8  56.7 58.9 56.1 57.7 55.8 58.6
Llama 3.2 11B 46.8 41.7 524 51.0 522 52.6 446 533 40.2 51.6 515 499 51.9 48.8 47.2 49.2 50.3
Gemma 3 12B 528 484  6L1 567 619 617 517 617 472 59.5 60.1 572 588  53.1 572 546 59.6
Qwen3.5 9B 543 491 589 576 615 587 535 603 473 60.1 580 543 573 530 525 545 58.4
Aya Vision 8B 47.7 45.0 51.3 54.3 53.4 54.1 448 58.6 41.1 52.6 54.1  50.2 534 514 51.5 51.2 53.6
InternVL 3.5 8B 47.4 44.6 50.8 529 54.3 54.5 459 573 42.1 52.6 533 477 524 455 46.7 51.8 539
GLM-4.6V Flash 49.2 46.1 564 532 51.7 579 457 579 432 56.6 562 545 56.1 533 50.4 50.1 52.5
GPT-4.1 514 473 48.8 54.5 59.6 575 524 59.1 38.7 58.9 55.6  51.7 58.1 50.3 45.8 52.8 54.0
GPT-5 mini 59.2 553 583 648 622 634 59.6 69.2 48.6 63.7 63.6 59.0 664 583 52.1 58.8 64.1
od-mini 526 524 570 639 545 545 566 651  46.1 63.3 586 570 627 559 432 561 59.8
with slide image
Llama 4 Scout 532 50.3 59.0 594 59.3 60.6 53.8  62.6 459 61.5 59.9 570 59.1 55.8 58.3 55.3 58.9
Llama 3.2 11B 382 333 42.7 425 404 463 364 43.6 30.7 40.0 41.8 395 40.2 41.5 374 40.0 44.0
Gemma 3 12B 50.0 48.0 580 565 60.5 60.0 52.1 605 459 57.8 580 543 58.3 519 55.7 544 57.5
Qwen3.5 9B 56.1 503 613 604 62.0  60.6 550 625 48.4 61.8 599 57.1 60.7 55.9 57.2 57.1 60.3
Aya Vision 8B 45.7 45.5 529 53.6 53.0 532 453 582 412 53.1 539 519 53.6 51.7 49.7 51.0 523
InternVL 3.5 8B 46.2 442 540 523 53.2 54.6 452 56.2 423 529 53.0 49.0 524 46.2 479 51.3 53.9
GLM-4.6V Flash 46.1 44.7 51.5 542 53.8 56.2 47.1  56.6 419 48.5 56.0 54.1 534 51.1 53.3 49.6 54.0
GPT-4.1 54.7 50.8 59.2 59.4 62.1 61.5 55.1  63.1 482 62.5 59.7 58.1 62.3 55.5 50.9 56.6 60.0
GPT-5 mini 60.0 55.1 63.0 672 658 63.9 624 71.2 50.4 64.9 65.6 60.9 68.5 56.9 56.0 60.8 65.1
o4-mini 54.0 539 596 624 637 632 58.6 66.7 482 639 612 540 63.4 54.8 47.4 58.6 62.5

Table 20: Average ChrF score in Translation Aligned ASR Transcript per Lecture Subject
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BLEU score per subject

Transcript i-cs-  i-micro  i-neural i- theor: rban
Transl. anat-1  anat-2  bio-1  bio-2 bio-3  bio-4 dental s N v . ml-1  psy-1 psy-2 speaking yurb
prog  econs -comp  physics -comp  -policy
no additional context
Llama 4 Scout 33.7 325 40.5 39.9 39.5 40.5 343 459 27.5 43.7 41.8 359 38.0 36.4 36.3 37.5 39.9
Llama 3.2 11B 274 235 299 324 325 332 245  36.1 20.0 33.1 31.1 277 311 27.8 234 29.5 30.6
Gemma 3 12B 30.8 294 362 365 404 394 30.0 405 25.6 39.7 370 307 382 3006 29.5 33.0 36.7
Qwen3.5 9B 353 298 393 398 423 408 336 429 284 42.7 395 31.7 384 328 27.7 36.5 38.8
Aya Vision 8B 30.3 286 349 381 356 389 289 420 24.7 373 369 333 362 328 315 339 36.3
InternVL 3.5 8B 245 27.1 350 342 328 360 25.1  40.1 227 320 321 290 305 283 26.1 339 30.2
GLM-4.6V Flash 32.0 282 36.4 349 353 38.8 272 413 24.7 38.1 355 312 354 335 29.6 314 34.6
GPT-4.1 354 298 376 398 439 408 334 446 26.2 41.9 385 342 411 314 26.4 36.3 38.7
GPT-5 mini 42.7 377 445 517 510  49.0 46.8 56.5 33.2 49.7 495 411 555 442 31.7 43.2 48.8
o4-mini 383 359 428 477 469 445 409 532 29.6 46.1 430 336 498 381 25.1 40.9 45.2
with slide text
Llama 4 Scout 322 335 37.0 395 387 403 352 451 279 43.9 403 359 370 364 36.5 379 39.9
Llama 3.2 11B 27.0 222 313 312 316 327 237 345 204 320 313 272 307 274 23.8 30.2 30.7
Gemma 3 12B 36.0 295 425 386 449 446 318 453 28.8 422 425 367 403 317 36.7 37.0 425
Qwen3.5 9B 36.6 30.1 384 386 435 404 33.8 429 29.0 42.4 387 320 365 313 29.5 36.1 39.6
Aya Vision 8B 30.8 284 303 373 353 349 264 41.8 24.8 36.5 372 303 363 320 30.8 33.8 35.8
InternVL 3.5 8B 27.1 260 258 350 346 349 25.1 40.8 24.2 34.6 359 284 313 269 26.6 33.7 34.8
GLM-4.6V Flash 31.7 279 365 334 321 392 263 3838 24.8 38.0 374 320 355 325 29.9 31.1 342
GPT-4.1 32.1 274 236 356 408 376 323 410 16.5 39.6 354 311 384 286 22.8 33.0 332
GPT-5 mini 41.8 377 403 494 459 470 426 554 30.9 45.9 46.1 409 501 395 30.3 414 48.2
o4-mini 34.8 335 384 482 359 379 394 504 27.5 46.4 404 38.1 459 360 22.8 383 429
with slide image
Llama 4 Scout 36.0 33.1 387 409 408 420 350 46.0 28.1 44.5 418 368 378  36.0 37.3 38.0 40.8
Llama 3.2 11B 18.7 151 215 233 180 266 14.8 237 12.6 20.1 209 190 185 202 153 20.3 23.0
Gemma 3 12B 31.8 285 387 382 429 424 323 435 274 39.2 393 326 395 310 343 36.4 39.1
Qwen3.5 9B 39.8 327 429 430 452 433 36.6 46.1 311 45.6 422 362 412 354 36.5 399 42.8
Aya Vision 8B 28.6 289 347 377 356 368 267 422 24.1 36.6 36.6 332 357 318 29.7 33.8 352
InternVL 3.5 8B 29.0 25.6 334 329 332 352 259 388 243 349 346 29.6 322 282 279 335 353
GLM-4.6V Flash 24.4 273 295 333 326 364 27.8  36.7 23.8 27.9 369 320 305 289 30.1 30.2 34.5
GPT-4.1 37.2 323 398 419 444 433 357 469 28.9 44.8 41.1 388 448 357 27.6 38.2 41.1
GPT-5 mini 4.5 375 461 525 500 46.8 46.3 58.1 32.8 47.8 484 425 537 383 343 44.0 49.0
o4-mini 353 353 407 460 468 457 40.8  52.1 29.3 457 429 339 464 351 25.2 40.7 45.4
Table 21: Average BLEU score in Translation Aligned ASR Transcript per Lecture Subject
Transcript ) FOM_ET_s‘core per su'liject ] N N
Transl. anat-1 anat-2 bio-1 bio-2 bio-3 bio-4 dental oo, TMiCro. imeura " ml-l psy-l psy-2 speaking theory url an
prog  econs -comp  physics -comp  -policy
no additional context
Llama 4 Scout 79.2 80.1 855 89.1 852 878 81.1 86.8 73.5 83.4 86.1 81.7 875 859 86.6 81.8 85.0
Llama 3.2 11B 77.6 773 830 869 833 863 774 848 70.0 80.9 83.7 789 845 844 84.3 79.1 82.6
Gemma 3 12B 80.8 815 859 8.5 879 889 817 874 74.7 835 87.0 823 878 865 872 822 859
Qwen3.5 9B 81.6 809 86.7 899 88.0 839 827 813 75.7 843 874 823 882 872 875 82.7 86.0
Aya Vision 8B 76.4 764 821 858 812 858 76.7 845 70.6 79.3 83.0 79.7 843 842 84.1 78.7 81.9
InternVL 3.5 8B 75.6 753 826 852 823 845 76.0 84.0 63.8 79.5 818 777 838  80.1 82.0 78.3 81.3
GLM-4.6V Flash 71.8 77.1 837 865 833 865 774  85.0 71.1 80.9 844 798 852 843 84.4 79.1 82.4
GPT-4.1 83.6 83.1 87.2 90.4 89.1 90.2 845 89.1 76.6 85.5 884 85.6 90.0 87.7 88.0 84.2 87.5
GPT-5 mini 84.3 835 8.1 915 899 911 85.6 905 715 86.2 89.5 869 910 893 88.9 85.2 87.7
o4-mini 840 834 881 91.1 898 90.6 852 900 778 86.1 89.1 86.6 914 8838 884 845 87.7
with slide text
Llama 4 Scout 79.9 81.1 855 837 853 878 815 86.3 72.9 834 86.0 821  87.1 86.4 859 81.9 85.1
Llama 3.2 11B 774 773 825 861 823 86.6 773 845 69.9 80.9 83.6 782 840 835 83.6 789 825
Gemma 3 12B 81.6 81.6 86.8 894 875 89.1 82.1 873 74.7 84.1 868 828 879 861 87.6 82.2 86.3
Qwen3.5 9B 827 815 867 897 883 887 829 872 76.4 84.7 873 827 879 864 87.3 82.8 86.3
Aya Vision 8B 76.1 76.5 813 855 817 851 76.2 845 70.2 78.6 832 780 841 83.9 83.9 78.7 82.0
InternVL 3.5 8B 76.1 76.0 825 854 824 851 76.3 842 69.5 79.6 828 7713 839 804 81.3 78.2 82.1
GLM-4.6V Flash 79.0 779 835 86.6 833 864 779 855 71.6 81.5 84.8  80.1 852 844 84.4 79.4 829
GPT-4.1 83.3 826 867 898 896 90.1 839 887 76.1 85.4 875 850 894 869 875 83.6 86.7
GPT-5 mini 85.0 842 871 914 89.1 905 849 903 715 86.2 89.2 864 909 883 88.4 84.3 88.0
04-mini 82.9 837 842 909 782 841 84.2 88.7 75.3 85.6 851 864 895 879 85.6 82.8 87.1
with slide image
Llama 4 Scout 80.0 799 857 888 853 878 81.0 86.5 72.5 832 86.0 820 874 859 86.3 81.4 853
Llama 3.2 11B 71.8 67.7 782 809 766  82.1 71.6  76.1 62.1 723 764 712 770  78.0 80.9 72.0 77.1
Gemma 3 12B 81.8 81.8 862 893 882 893 824 8713 75.0 84.2 869 822 879 860 873 82.1 86.0
Qwen3.5 9B 823 809 867 896 876 887 826 873 753 84.4 87.1 827 882 870 87.8 825 859
Aya Vision 8B 75.6 764 820 853 816 847 763 847 70.2 79.0 829 785 841 84.0 83.7 78.6 81.5
InternVL 3.5 8B 76.3 764 826 854 828 849 76.1  84.0 70.0 79.8 829 783 836 798 81.9 78.0 82.5
GLM-4.6V Flash 75.7 735 805 817 799 832 742 819 68.7 71.5 828 793 806 809 82.6 774 824
GPT-4.1 84.4 83.1 877 908 892 903 843 892 76.7 85.6 885 862 904 884 88.4 84.6 87.4
GPT-5 mini 85.0 841 880 916 901 91.0 85.6 91.0 71.7 86.0 89.2 873 909 884 88.7 854 88.0
04-mini 84.2 840 879 909 89.7 908 85.1 89.8 76.8 86.3 88.8 864 91.0 885 88.0 85.0 87.5

Table 22: Average COMET score in Translation Aligned ASR Transcript per Lecture Subject
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COMET-KIWI score per subject

Transcript i-cs-  i-micro  i-neural i- theor: rban
Transl. anat-1  anat-2  bio-1  bio-2 bio-3  bio-4 dental s N v . ml-1  psy-1 psy-2 speaking yurb
prog  econs -comp  physics -comp  -policy
no additional context
Llama 4 Scout 72.3 70.8 78.8 82.7 78.5 79.8 732 78.6 62.3 76.1 77.8  73.0 80.4 79.5 77.1 75.0 719
Llama 3.2 11B 70.9 682 772 806 713 783 70.5  76.8 59.4 74.2 75.8 703 78.1 71.7 75.7 72.5 75.7
Gemma 3 12B 733 71.1 794 834 812 8Ll 739 792 63.3 76.8 792 741 80.9 80.1 779 76.2 79.0
Qwen3.5 9B 735 713 805 837 808 81.0 748 792 64.9 76.9 794 740 814 810 78.2 76.2 78.9
Aya Vision 8B 69.0 675 754 792 747 774 69.3  76.1 59.8 72.0 746 699 770 768 744 71.8 74.5
InternVL 3.5 8B 68.9 68.1 767 795 763 712 69.0 765 58.9 72.9 744 690 780 746 732 72.7 74.5
GLM-4.6V Flash 70.7 67.7 76.8 79.7 76.9 78.3 69.7 76.8 60.4 73.5 762 70.7 78.1 714 74.8 722 75.3
GPT-4.1 75.2 72.0 803 84.0 821 814 75.1 799 64.9 774 79.8 781 827 809 78.2 77.1 79.6
GPT-5 mini 75.3 718 79.8 840 824 810 75.7 80.1 05.6 711 80.1 779 825 80.9 8.3 76.9 79.3
04-mini 75.4 713 804 84.0 823 808 752 80.0 65.8 77.8 80.0 779 832 811 78.3 76.7 79.8
with slide text
Llama 4 Scout 72.9 714 790 828 786 797 734 78.1 62.1 76.2 782 728  80.1 79.8 76.2 75.0 78.0
Llama 3.2 11B 70.9 67.6 764 805 770 787 69.9 762 59.7 73.5 756  69.1 775 711 743 72.1 75.1
Gemma 3 12B 74.0 719 799 834 809 808 737 793 63.3 76.7 790 735 809 794 77.6 75.9 78.4
Qwen3.59B 752 717 801 837 815 811 749 794 65.3 772 797 737 814 804 780 764 79.2
Aya Vision 8B 69.2 674 754 792 748 77.1 689 755 59.4 71.8 750 684 769 765 74.3 72.0 74.5
InternVL 3.5 8B 69.6 683 769 797 760 77.6 69.0 764 59.1 72.8 750 693 776 747 729 72.7 74.8
GLM-4.6V Flash 71.2 682 765 799 715 783 69.8 769 60.7 73.8 763 707 778 716 753 72.7 75.7
GPT-4.1 75.3 714 803 833 824 815 747  79.8 63.8 774 798 712 824 802 78.1 76.9 79.0
GPT-5 mini 76.7 724 792 840 826 810 75.5 802 65.8 78.2 80.3 775 829 803 78.0 76.3 79.5
o4-mini 752 725 770 839 741 761 753 786 63.2 715 76.7 781 818  80.8 771 745 79.2
with slide image

Llama 4 Scout 73.0 707 794 824 787  79.6 73.0 783 61.6 76.0 77.8 725 804 794 76.5 75.0 78.0
Llama 3.2 11B 64.4 60.6 715 751 700 747 64.5  69.0 534 66.2 68.6 628 705 712 723 65.1 70.1
Gemma 3 12B 74.4 713 800 835 816 81.0 743 79.0 63.4 76.9 789 737 804 794 774 75.7 78.8
Qwen3.5 9B 75.0 712 802 835 805 804 745 79.1 64.0 71.0 792 736  8l.1 80.2 783 75.7 78.8
Aya Vision 8B 68.7 673 755 787 751 765 68.7 75.8 59.7 71.6 743 69.1 77.1 76.3 74.1 71.8 74.1
InternVL 3.5 8B 69.5 68.9 77.0 80.0 76.6 712 689 76.6 59.9 73.4 755 70.0 71.7 74.7 73.8 72.7 75.1
GLM-4.6V Flash 69.8 66.7 75.3 78.7 76.1 71.0 68.3  76.1 59.9 71.6 76.1  70.7 76.6 75.5 744 714 75.7
GPT-4.1 76.1 720 804 843 821 814 75.3  80.0 64.5 715 797 7181  83.0  81.1 79.0 76.8 79.3
GPT-5 mini 76.5 722 798 839 8.2 812 75.7 805 65.7 71.5 80.0 788 828 80.5 8.3 76.4 79.3
o4-mini 76.4 722 799 836 822 815 757 798 64.8 78.2 80.0 78.0 832 812 71.7 76.5 79.5

Table 23: Average COMET-KIWTI score in Translation Aligned ASR Transcript per Lecture Subject

T . NIST score per subject
anscript i-cs-  i-mici i al i- theor: urban
Transl. anat-1 anat-2  bio-1 bio2 bio-3 bio-4 dental oo, MOt l?eurd ... ml-1 psy-1 psy-2 speaking Y .
prog  econs -comp  physics -comp  -policy
no additional context
Llama 4 Scout 53 5.2 6.3 6.2 6.1 59 59 6.5 4.8 6.5 6.6 6.1 6.0 6.1 6.3 59 6.3
Llama 3.2 11B 49 4.3 52 5.7 5.7 5.6 5.0 5.8 39 5.6 5.6 5.4 5.5 54 4.8 53 5.7
Gemma 3 12B 5.4 4.8 6.1 6.2 6.4 6.2 5.7 6.3 4.4 6.2 6.5 5.7 6.2 5.8 5.6 5.7 6.2
Qwen3.5 9B 5.8 49 6.3 6.4 6.5 6.2 59 6.4 4.7 6.5 6.6 5.8 6.2 59 5.5 59 6.3
Aya Vision 8B 5.0 4.7 5.6 6.0 55 5.8 52 6.1 43 5.7 6.0 5.6 5.8 5.8 58 5.4 6.0
InternVL 3.5 8B 43 4.6 5.7 5.5 53 5.4 4.8 59 4.1 5.2 5.4 5.0 52 5.1 4.6 5.6 49
GLM-4.6V Flash 54 4.7 5.9 55 5.8 6.0 5.1 6.2 43 6.1 5.9 5.5 5.9 59 55 5.1 5.7
GPT-4.1 5.8 4.5 6.4 6.6 6.7 6.3 6.0 6.8 42 6.5 6.6 6.0 6.7 5.9 5.1 59 6.5
GPT-5 mini 6.5 53 6.9 7.7 73 6.8 7.2 7.8 51 7.2 7.6 6.5 7.8 7.0 5.5 6.6 7.4
04-mini 6.1 49 6.8 13 7.0 0.5 67 15 4.5 6.8 7.0 5.5 74 0.5 4.7 6.3 7.1
with slide text
Llama 4 Scout 5.1 5.3 5.7 6.1 5.9 5.8 6.0 6.3 4.7 6.5 6.3 6.1 5.8 6.1 6.3 6.0 6.2
Llama 3.2 11B 49 4.0 5.5 5.6 5.6 53 5.0 5.6 3.7 5.5 5.8 53 5.4 54 5.0 5.3 5.6
Gemma 3 12B 59 4.6 6.6 6.4 6.8 6.6 5.8 6.6 4.7 6.5 6.8 6.2 6.3 59 6.4 6.0 6.8
Qwen3.5 9B 5.9 5.0 6.1 6.2 6.6 6.1 59 6.4 49 6.4 6.5 5.8 6.0 5.7 5.8 59 6.4
Aya Vision 8B 5.0 4.7 49 5.8 5.5 5.1 4.7 6.1 4.2 5.5 5.9 5.3 5.6 5.6 5.7 5.5 5.8
InternVL 3.5 8B 4.7 43 45 5.7 5.7 53 4.8 6.2 42 5.5 6.0 4.8 5.2 49 4.8 5.6 6.0
GLM-4.6V Flash 52 4.6 6.0 5.4 5.2 6.0 4.9 59 4.4 6.0 6.4 5.8 5.9 59 5.5 5.0 5.6
GPT-4.1 5.5 43 4.0 6.2 6.5 6.0 5.8 6.4 29 6.3 6.3 5.7 6.4 5.5 4.4 5.5 6.0
GPT-5 mini 6.6 53 6.5 74 6.9 6.8 6.8 7.7 5.0 6.9 7.3 6.5 7.4 6.6 5.5 6.4 7.3
04-mini 5.6 4.8 6.1 7.3 5.0 5.2 65 12 4.0 6.8 6.6 6.2 7.0 6.3 2.7 6.0 6.9
with slide image

Llama 4 Scout 5.6 52 6.0 6.3 6.2 6.1 6.1 6.5 4.8 6.6 6.7 6.2 6.0 6.1 6.5 6.0 6.5
Llama 3.2 11B 35 2.8 3.9 43 32 4.5 3.0 39 2.5 33 3.9 3.7 3.4 4.0 34 3.6 4.4
Gemma 3 12B 5.5 4.5 6.2 6.3 6.6 6.4 59 6.6 4.5 6.0 6.6 5.9 6.3 5.8 6.2 59 6.5
Qwen3.5 9B 6.1 5.2 6.5 6.6 6.7 6.4 6.2 6.7 5.0 6.7 6.8 6.2 6.3 6.1 64 6.2 6.7
Aya Vision 8B 4.6 48 5.5 5.8 5.6 5.5 4.8 6.1 4.1 5.6 6.0 5.5 5.6 5.6 5.5 55 57
InternVL 3.5 8B 49 43 5.6 54 54 54 49 5.8 43 5.6 6.0 5.1 55 5.1 52 5.5 6.0
GLM-4.6V Flash 4.1 4.6 4.8 5.5 5.4 5.6 5.1 5.6 4.3 42 6.3 5.8 5.1 52 5.8 4.8 5.8
GPT-4.1 6.0 4.8 6.6 6.8 6.8 6.6 6.2 7.0 4.6 6.8 6.9 6.5 7.0 6.3 53 6.1 6.8
GPT-5 mini 6.5 5.1 7.0 7.7 7.2 6.7 7.1 79 5.0 7.0 7.5 6.8 7.6 6.4 59 6.6 7.4
04-mini 5.8 49 6.6 12 7.0 6.7 67 14 43 6.8 7.0 5.8 7.1 6.2 4.4 64 7.1

Table 24: Average NIST score in Translation Aligned ASR Transcript per Lecture Subject
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Score per subject without additional context

Slide . A .
Transl. anat-1 anat-2  bio-1 bio-2 bio-3 bio-4 dental oo OO i-neural T ml-1  psy-1 psy-2  speaking theory urb:an
prog  econs -comp  physics -comp  -policy
ChrF
Llama 3.2 11B 54.0 60.1 607 618 60.7 550 439 61.7 49.3 555 619 740 565 587 537 66.4 593
Gemma 3 12B 65.0 710 760 773 711 610 527 722 62.7 742 75.1 838 685 722 67.5 76.4 723
GPT-4.1 69.8 709 797 804 730 634 59.8  78.6 68.4 80.0 784 832 747 769 72.9 80.0 78.8
GPT-5 mini 71.1 751 804 804 758 65.0 60.1  80.2 68.3 81.1 782 870 724 794 733 78.6 80.0
04-mini 70.3 742 772 790 741 639 60.7 79.3 68.0 79.8 767 852 748  76.8 73.0 8.7 79.3
BLEU
Llama 3.2 11B 29.3 200 185 300 315 214 92 287 17.4 6.3 225 197 208 293 28.8 379 11.9
Gemma 3 12B 43.1 438 499 603 529 398 26.1  49.0 45.2 552 569 68.1 467 465 482 65.5 483
GPT-4.1 56.7 520 670 712 605 503 429 726 60.8 737 698 744 631 644 59.8 75.5 68.7
GPT-5 mini 58.0 578 692 718 640 516 396 753 59.6 73.8 687 781 604 677 61.2 71.8 70.5
04-mini 579 562 652 704 626 513 425 73.1 58.9 74.2 66.7 767 630 634 61.3 72.3 69.4
COMET
Llama 3.2 11B 77.1 627 679 824 793 748 60.1  76.7 73.8 61.2 713 698  70.1 74.6 75.7 74.1 745
Gemma 3 12B 829 737 836 907 86.1 823 66.8  82.6 83.4 739 837 8.0 775 881 87.0 83.1 84.3
GPT-4.1 90.5 930 943 957 905 913 86.3 91.9 91.9 94.6 957 953 911 94.2 934 91.7 95.4
GPT-5 mini 90.0 923 943 959 921 918 86.0 92.8 91.7 94.3 954 959 912 953 932 91.0 95.6
o4-mini 90.1 923 924 957 923 904 857 924 91.8 94.4 952 957 919 %49 93.3 91.7 95.6
COMET-KIWI
Llama 3.2 11B 79.1 705 725 833 768 732 635 777 70.9 66.9 71.0 686 731 76.4 77.9 743 752
Gemma 3 12B 824 733 776 854 80.1 747 64.1  79.9 74.5 68.7 76.1 734 750 816 81.4 77.6 79.2
GPT-4.1 834 795 808 870 779 714 69.7 81.6 754 78.0 806 778 794 821 81.8 79.4 82.7
GPT-5 mini 83.2 80.3 807 87.0 817 772 70.5 81.6 75.6 77.9 807 784 796 824 82.0 78.9 83.0
04-mini 83.0 80.0 775 869 81.8 76.8 70.1 818 75.5 78.0 808 783 798 824 82.1 79.3 83.0
NIST
Llama 3.2 11B 4.5 25 2.7 33 4.9 3.6 1.4 33 2.6 0.7 29 2.0 2.6 3.8 43 42 1.6
Gemma 3 12B 5.7 49 6.0 5.6 72 6.0 4.0 52 6.2 5.2 6.3 6.3 5.2 5.5 6.1 6.6 52
GPT-4.1 6.9 59 7.7 6.4 83 7.1 57 13 7.8 7.0 7.5 74 6.7 7.0 72 7.6 6.9
GPT-5 mini 7.0 6.2 7.8 6.4 8.4 7.2 55 7.5 7.8 6.9 15 7.6 6.6 7.2 12 7.3 7.0
o4-mini 7.0 6.1 7.8 6.4 83 12 57 13 7.7 7.0 7.3 1.6 6.7 7.0 7.2 13 6.9

Table 25: Average scores per lecture subject using various metrics in LECTRANS slide translation task without any
additional context.

Score per subject with full image provided

Slide : v .
Transl. anat-1  anat2  bio-1 bio2 bio-3 bio-4 dental oS imicro i-neural - ml-1  psy-1 psy-2  speaking theory - urban
prog  econs -comp  physics -comp  -policy
ChrF
Llama 3.2 11B 33.8 31.8 415 452 443 33.8 266 34.6 24.7 254 44.0  36.7 344 359 41.6 33.2 345
Gemma 3 12B 65.5 726 765 762 712 61.7 542 769 63.8 76.0 746 783 68.6 73.4 67.4 772 73.9
GPT-4.1 71.8 755 803 810 742 628 61.2 793 68.4 79.7 718 863 75.0 76.3 73.6 76.1 79.3
GPT-5 mini 71.3 771 803 80.6 757 65.6 60.6 81.1 68.3 80.2 79.3 8838 74.1 79.5 732 80.1 81.1
04-mini 70.3 749 7189 80.5 740 634 612 80.1 67.4 79.4 774 87.0 73.7 78.4 733 719 794
BLEU
Llama 3.2 11B 8.9 4.2 7.6 17.8 17.0 7.6 2.8 10.6 5.1 1.8 15.0 6.5 7.9 11.3 18.9 12.5 52
Gemma 3 12B 47.4 283 413 55.1 482 422 17.5 402 49.0 333 23.6 498 37.8 56.2 492 45.1 529
GPT-4.1 59.5 580  66.8 720 629 487 459 734 59.6 71.4 68.8 84.1 63.9 63.9 60.4 712 70.5
GPT-5 mini 583 60.1 693 729 644 525 43.1 749 57.9 73.0 70.1  86.0 61.7 67.5 59.9 74.3 72.5
04-mini 57.7 584 679 736 618 498 450 733 58.0 12.5 68.0 823 620 655 60.8 70.9 69.4
COMET
Llama 3.2 11B 71.3 60.5 70.1 80.0 794 757 593 721 63.7 59.7 67.6  66.0 68.6 74.3 71.0 67.7 733
Gemma 3 12B 87.5 79.1 884 916 88.6 86.8 705 89.6 88.7 75.7 855 88.1 82.8 93.3 91.6 86.3 89.3
GPT-4.1 90.6 932 945 960 924 909 859 923 91.8 94.9 954 952 91.1 94.0 93.6 89.5 95.5
GPT-5 mini 80.8  93.0 942 957 922 914 862 922 917 951 955 959 920 949 934 915 95.8
od-mini 900 926 941 957 920 9.6 854 924 918 93.6 953 959 9.6 949 936 915 95.5
COMET-KIWI
Llama 3.2 11B 70.3 632 685 78.8 732 69.1 56.6 67.7 58.5 62.1 64.1  62.5 66.3 70.2 74.0 59.9 70.3
Gemma 3 12B 82.4 744 187 871 802 76.1 61.8 79.6 74.0 66.0 749 737 75.5 81.7 81.5 76.5 79.9
GPT-4.1 83.0 794 80.8 86.9 81.7 77.0 69.6 815 754 78.0 805 779 78.9 82.2 81.6 75.5 82.9
GPT-5 mini 83.0 804 808 869 81.7 772 70.3 813 75.5 71.5 808 783  80.0 825 82.1 789 83.1
04-mini 83.2 803 805 8.9 817 772 70.1 81.6 75.5 71.6 80.8 784 80.0 82.6 82.0 79.1 83.1
NIST
Llama 3.2 11B 15 0.6 12 1.8 2.7 1.3 0.5 13 0.8 0.2 1.9 0.7 1.1 1.5 2.8 14 0.7
Gemma 3 12B 6.3 32 5.1 52 6.5 6.1 2.7 43 6.6 33 2.8 49 4.4 6.5 6.3 4.6 5.5
GPT-4.1 71 6.2 7.7 6.4 83 7.1 6.0 7.3 7.7 6.8 14 7.8 6.8 7.0 7.2 7.5 7.0
GPT-5 mini 7.0 6.3 8.0 6.5 83 7.3 5.8 7.4 7.7 6.9 7.5 8.0 6.7 7.2 7.1 7.4 7.1
od-mini 70 63 18 65 82 12 58 13 77 6.8 74 19 671 11 72 72 6.9

Table 26: Average scores per lecture subject using various metrics in LECTRANS slide translation task with the
slide images provided.
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